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Highlights

What are the main findings?

Satellite-derived vegetation indices revealed substantial declines in urban grassland
greenness during prolonged drought, with the most pronounced deficits occurring
in summer; time-series decomposition and anomaly analyses further demonstrated
that these impacts persisted over multiple years, indicating sustained ecological stress
rather than short-term climatic fluctuations.

Temperature exerted a stronger and more consistent influence on vegetation condition
than rainfall, while the focus on grass-dominated urban green spaces enhanced the
detection of climate sensitivity; collectively, these findings support the concept of
“urban greenery drought,” whereby heat stress drives vegetation decline despite the
presence of irrigation and rainfall inputs.

What are the implications of the main findings?

Urban green space management may benefit from considering temperature alongside
water availability, as temperature was found to be a stronger driver of NDVI variability
than rainfall. Measures such as the use of heat-tolerant and drought-resistant species,
adaptive irrigation scheduling, and urban design approaches that reduce heat exposure
may contribute to maintaining vegetation condition during periods of combined heat
and drought stress.

The greater drought sensitivity of shallow-rooted lawn vegetation and the observed
incomplete post-drought recovery highlight differences in vegetation responses within
urban green spaces. These findings suggest that management approaches tailored
to vegetation characteristics, together with water-sensitive urban design, alternative
water sources, and long-term green infrastructure planning, may support vegeta-
tion function and urban cooling under projected increases in drought frequency and
climatic aridity.

Abstract

Urban green spaces (UGSs) are vital for enhancing a city’s resilience and livability; however,

their functionality is increasingly jeopardized by drought, particularly in water-scarce

regions. This study evaluates drought impact on UGSs in Metropolitan Adelaide, Australia,
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a representative semi-arid urban system, using satellite-derived Normalized Difference
Vegetation Index (NDVI) time-series data spanning 2000-2020. Vegetation dynamics were
analyzed through Seasonal-Trend decomposition using Loess (STL), standardized anomaly
assessment, lagged Pearson correlation, Ordinary Least Squares (OLS) regression, and
Mann-Kendall trend analysis. To isolate climatically sensitive signals, 29 urban lawn
patches were examined separately from mixed urban canopy, given their shallow root
systems and direct dependence on surface moisture. NDVI declined by approximately 0.09
units during the Millennium Drought (2001-2009), with summer greenness deficits reaching
24% below the 20-year benchmark. Temperature was the dominant driver of lawn NDVI
variability (r = —0.863, R? = 74.5%), substantially exceeding the effect of rainfall (r = 0.156,
R? = 2.4%). El Nifio-Southern Oscillation (ENSO) cycles modulated vegetation responses,
with La Nifia years supporting recovery and El Nifio years amplifying decline. Post-drought
recovery remained incomplete, with NDVI deficits of 8-20% persisting through 2020; full
recovery was observed only in 2017, coinciding with the highest recorded summer rainfall.
No significant directional trend was detected over the full study period (Mann-Kendall
T =0.005, p = 0.908). These findings demonstrate that heat, rather than water limitation
alone, is the primary driver of vegetation stress in urban systems, highlighting the benefits
of integrated management strategies that address both warming and moisture deficits
to sustain urban green infrastructure under future climate conditions. We introduce the
concept of “urban greenery drought,” referring to a form of vegetation stress in managed
urban landscapes where greenness is reduced primarily by elevated temperature and
atmospheric demand despite water availability.

Keywords: urban green spaces; drought resilience; NDVI; adaptive management strategies

1. Introduction

Green spaces contribute to the regulation of microclimates by providing shade, which
mitigates surface heating, and enhancing actual evapotranspiration (AET), a process that
contributes to cooling the surrounding atmosphere [1-7]. Green spaces encompass areas
covered by vegetation, including forests, grasslands, wetlands, and agricultural lands.
Within urban contexts, these spaces are referred to as UGSs, which include public parks,
gardens, tree-lined streets, and urban forests. These UGSs serve as buffers against extreme
climate events [8,9]. These spaces support urban livability through ecosystem services such
as heat wave mitigation, air and water purification, carbon sequestration, biodiversity con-
servation, and climate regulation [10]. They contribute to psychological and physiological
well-being. Among the various components of urban green spaces (UGSs), lawns support
ecological, environmental, and social functions. Globally, lawns are the most common
elements of urban green spaces, covering up to 50-70% of urban green areas regardless of
climatic conditions or water availability [11]. In Australian cities specifically, the total area
under turf is approximately 4400 hectares, constituting an average of 11% of the total area
of cities [11]. Lawn plays a unique role in regulating the urban microclimate by reducing
surface wind speeds and maintaining higher albedo compared to dark impervious sur-
faces [12]. Observational data from 54 heatwave events in a subtropical city over ten years
showed that lawns, with high canopy stomatal conductance, rapidly increased evapotran-
spiration by 37.65% during heatwaves and provided substantial cooling of 7.05 °C m 2
per day. By contrast, trees provided a lower cooling effect of 3.5 °C m~2 per day. This
divergence in water-use strategy is precisely what motivates using lawn patches, rather
than treed areas, to detect surface-level climate signals [13].
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Urban green spaces (UGSs) contribute to mitigating Urban Heat Island (UHI) effects,
a phenomenon where urban areas experience higher temperatures than surrounding rural
regions due to factors including impervious surfaces and reduced vegetation [14]. Al-
though UGSs contribute to many ecosystem services, their capacity to reduce UHI effects is
associated with public health and comfort outcomes during extreme heat events [8]. This
function is especially relevant in densely populated cities, where built surfaces amplify
heat retention and exacerbate the frequency and intensity of heat waves [10,15]. However,
the functionality and sustainability of spaces are increasingly threatened by climate change-
induced stressors, particularly drought, which exacerbates water scarcity and vegetation
stress [16-18]. Despite growing concern about climate-induced drought in Australian
cities, the long-term response of urban green spaces to prolonged dry conditions remains
insufficiently quantified, particularly in Mediterranean-type climates such as Metropoli-
tan Adelaide [19,20]. Also, the quantitative assessment of drought-induced vegetation
stress in urban green spaces remains insufficiently addressed in the Australian context.
Consequently, urban planners and climate adaptation practitioners in Adelaide lack a
spatially explicit, evidence-based quantitative baseline for evaluating the drought resilience
of existing UGSs. This study addresses that gap by employing Normalized Difference
Vegetation Index (NDVI)-derived remote sensing analysis to provide a replicable, quan-
titative assessment of drought impact on UGSs across Adelaide, thereby supporting the
development of climate-adaptive urban greening strategies grounded in empirical evi-
dence. Urban environments present unique conditions, including fragmented vegetation
patches, heterogeneous land cover, and intensive human management practices, which can
influence vegetation resilience to water stress.

Remote sensing techniques, particularly vegetation indices derived from satellite
imagery, can be used to monitor vegetation dynamics over large spatial and temporal
scales. Remote sensing indicators, particularly NDVI, are used to evaluate vegetation
dynamics over time; however, their use in assessing drought impact on urban ecosystems
over multi-decadal scales is limited.

Since the early 2000s, Metropolitan Adelaide has faced increasing pressure on its urban
green spaces (UGSs) due to population growth, urban intensification, and land-use change.
Current assessments indicate that tree canopy covers approximately 17% of metropolitan
Adelaide, below the 30% canopy target associated with improved urban resilience and
livability [21,22]. Despite greening initiatives, Adelaide’s urban forest remains vulnerable,
with 69% of trees below 10 m in height, limiting long-term canopy benefits [21,22]. Urban
heat intensity also increased by approximately 0.2 °C between 2014 and 2023, highlighting
the potential role of additional greening interventions in mitigating urban heat [21,22]. The
Urban Greening Strategy (2025) aims to increase canopy cover from 17% to 30% by 2055,
supporting cooler, greener, and more biodiverse urban environments. This strategy aligns
with the Greater Adelaide Regional Plan, which addresses projected population growth of
670,000 people and 315,000 new homes by 2050 while incorporating additional green and
open spaces [23].

Drought may disrupt the equilibrium of urban green spaces (UGSs) by limiting the
water resources required for sustaining vegetation health [24,25]. Multiple studies con-
firm that NDVI declines substantially during periods of drought or when irrigation is
restricted [26-29]. For example, research in Adelaide found that parklands dependent
on irrigation exhibited lower NDVI values during summer droughts when blue water
resources were scarce; city councils allowed grasslands to dry out seasonally due to water
shortages [27,30].

We investigate the effects of prolonged dry periods on UGSs’ functionality, focusing
on how drought conditions degrade vegetation greenness, as quantified by declining NDVI
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values (a proxy for vegetation greenness, referring to Chavoshi Borujeni et al. [31-33]).
Drought is a recurrent feature of South Australia’s climate. Yet, previous research has
focused less on UGSs, as water availability has more commonly been quantified in agri-
cultural ecosystems in relation to food production and security. While Pataki et al. [34]
highlighted the water stress as a global challenge to urban tree health, species-specific
adaptive mechanisms within the unique climatic and ecological conditions of Metropolitan
Adelaide remain underexplored. This gap underscores the value of a comprehensive inves-
tigation into localized arboreal resilience, particularly as urbanization intensifies pressure
on water resources in semi-arid regions. To address this gap, this study investigates how
drought conditions affect vegetation conditions within UGSs across Metropolitan Adelaide
by quantifying spatiotemporal changes in NDVI across drought and non-drought periods.
The findings are subsequently used to identify spatially differentiated patterns of drought
vulnerability, thereby providing an empirical basis for informing climate-adaptive UGS
management strategies. In semi-arid regions like Adelaide, rapid urbanization increases
impervious surfaces, alters local microclimates, and strains water resources, influencing
urban green space (UGS) management. We discuss the challenges of sustaining UGSs
during drought events, advancing resilience discourse, and proposing a potential sustain-
able management strategy that can be applicable to Metropolitan Adelaide and similar
urban settings.

This study aims to comprehensively assess the multifaceted impact of drought on
UGSs in Metropolitan Adelaide, a region increasingly challenged by climate-driven aridity.
Specifically, it combines satellite-derived NDVI, climate data, and statistical analysis to
characterize drought-induced vegetation. We quantify drought-associated changes in
NDVTI across urban green spaces in Metropolitan Adelaide over the 2000-2020 period
and identify patterns of vegetation decline and recovery that can inform evidence-based
adaptive management decisions.

There are five specific objectives of this study.

e  The first objective is to quantify drought-induced vegetation decline in Metropolitan
Adelaide’s urban green spaces. The study sets out to measure the magnitude of
NDVI reduction during the Millennium Drought (2001-2009) and post-drought period
(2010-2020), establishing a 20-year benchmark against which seasonal and interannual
greenness deficits are assessed.

o The next objective is to identify the primary climatic drivers of urban vegeta-
tion variability. The paper tests whether rainfall or temperature exerts a stronger
influence on NDVI, using both parametric (Pearson, OLS) and non-parametric
(Spearman, Mann-Whitney) methods to ensure robustness across the non-normally
distributed dataset.

e Another objective is to assess seasonal aridity patterns and their hydroclimatic context.
The study characterizes Adelaide’s dry-month structure and examines how ENSO vari-
ability (La Nifia and El Nifio cycles) modulates interannual fluctuations in vegetation
greenness beyond the climatological baseline.

e Following this, an objective is to evaluate post-drought vegetation recovery and
ecological memory. The paper explicitly investigates whether NDVI returned to
pre-drought levels following the Millennium Drought, and whether the rate and
completeness of recovery can be attributed to rainfall alone or are constrained by
cumulative drought legacies.

o  The last objective is to translate remote sensing findings into potential urban planning
recommendations. The study aims to connect satellite-derived vegetation indicators
to potential actionable management strategies, including drought-tolerant species
selection, smart irrigation, and heat-responsive planning for water-scarce cities.
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Quantitative remote sensing studies that isolate the direct effects of drought and
thermal stress on urban vegetation, independent of irrigation-buffered canopy responses,
remain limited in the literature. Studies that apply aggregated NDVI across heteroge-
neous urban cover frequently mask drought signals, as deep-rooted trees maintain ac-
cess to groundwater independently of surface precipitation. The relative contributions
of rainfall and temperature to vegetation conditions are also rarely disentangled at sub-
seasonal resolution in managed urban settings. This study addresses these gaps by an-
alyzing satellite-derived NDVI time-series data (2000-2020) for Metropolitan Adelaide,
Australia, a semi-arid Mediterranean-climate city representative of water-scarce urban
environments globally.

The specific contributions of this study are as follows:

¢ A methodological approach that separates 29 urban lawn patches from mixed-canopy
cover to isolate climatically sensitive NDVI signals, directly addressing the masking
effect of deep-rooted vegetation that attenuates drought responses in aggregate urban
vegetation analyses.

e  Quantitative evidence that temperature is the dominant climatic driver of urban lawn
greenness (R? = 74.5%), substantially outweighing the effect of rainfall (R? = 2.4%),
which challenges water-centric assumptions that underpin much of current UGS
management practice.

e  Documentation of ecological memory effects in a managed urban setting, demon-
strating that post-Millennium Drought NDVI deficits of 8-20% persisted through
2020, with full seasonal recovery achieved only under exceptional rainfall conditions
in 2017.

e  Empirical evidence that active irrigation maintained baseline NDVI during the drought
period without preventing cumulative greenness deterioration, distinguishing be-
tween buffered baseline performance and suppressed peak vegetation condition.

e An integrated multi-method analytical framework combining STL decomposition,
lagged Pearson and Spearman correlation, OLS regression, Mann—Kendall trend
analysis, and Wilcoxon phase comparison, characterizing urban vegetation—climate
dynamics at sub-seasonal resolution across two contrasting hydroclimatic periods.

2. Materials and Methods
2.1. Study Area

Metropolitan Adelaide contains the city, the capital of South Australia, and spans
latitudes 34.7-35.1°S and longitudes 138.4-138.8°E on the eastern shores of the Gulf St
Vincent [35] (Figure 1). Covering approximately 3260 km?, it is Australia’s fifth-largest
urban center, with a population of 1.4 million as of 2021 [36]. Adelaide’s population grew
at an annual rate of 0.8% between 2016 and 2021, with projections indicating growth to
1.7 million by 2041, which increases pressure on UGSs [36,37]. This growth intensifies
land-use competition, leading to potential encroachment on green spaces and heightened
demand for their ecosystem services. Metropolitan Adelaide experiences a Mediterranean
climate (Koppen Csa), characterized by hot, dry summers and cool, wet winters. Long-term
climate records indicate a mean maximum summer temperature of approximately 28.8 °C
(peaking at 29.6 °C in January), a mean minimum winter temperature of approximately
8 °C, and a mean annual rainfall of approximately 541 mm, concentrated predominantly
in the winter months from June to August, when monthly totals average 68-78 mm [38].
Urban green spaces (UGSs), including the Adelaide Park Lands, are unevenly distributed
across Metropolitan Adelaide. A study of Australia’s five largest capital cities found that
Adelaide exhibited the least equitable distribution of green space, with approximately
20% green cover in the most affluent neighborhoods compared with 12% in the least
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affluent areas [39]. This pattern indicates broader concerns regarding environmental equity,
as socioeconomically disadvantaged communities often experience lower access to green
infrastructure and its associated health and environmental benefits. Unequal access to UGSs
may exacerbate exposure to urban heat and reduce opportunities for recreation, biodiversity
conservation, and wellbeing [40]. Metropolitan Adelaide’s water supply is sourced from
River Murray transfers, surface-water storage, groundwater, and desalination. According
to the Bureau of Meteorology’s National Water Account for 2021-2022, water sourced in
the Adelaide region comprised approximately 44% inter-region deliveries from the River
Murray, 34% surface water, 19% groundwater, and 2% desalinated water. The Adelaide
Desalination Plant has a design capacity of approximately 100 GL per year, almost half of
Adelaide’s annual water demand, but typically operates at much lower output. Supply
proportions vary considerably between years depending on rainfall, reservoir inflows, and
River Murray transfers, highlighting the influence of climate variability on Adelaide’s water
security. Groundwater and recycled water also contribute to non-potable uses, including
irrigation and other urban, agricultural, and industrial demands. By mid-century, the
Green Adelaide region is projected to experience a ~12% decline in spring rainfall and a
1.3-2.2 °C increase in mean annual temperature under a high-emissions scenario [41,42].
Drought conditions are also expected to become more frequent and prolonged across South
Australia, increasing pressure on water resources [43].

2.2. Data Collection and Processing

The spatial delineation of urban green spaces across Metropolitan Adelaide was de-
rived from a shapefile obtained from the South Australian Government Data Directory [42].
The dataset captures tree canopy covers, green spaces, and built environment features as
of 2022, using a combination of Light Detection and Ranging (LiDAR) point cloud classi-
fication for vegetation at or above 2 m and NDVI-based classification for lower-growing
vegetation [25]. The shapefile was imported into a GIS platform, reprojected to the Geo-
centric Datum of Australia 1994 (GDAY%4), and clipped to the boundary of Metropolitan
Adelaide to ensure spatial consistency with the satellite-derived NDVI and climate datasets.
Full details of the survey methodology, processing workflow, and accuracy assessment
are documented in the associated technical report [44]. Historical climate data, including
rainfall and temperature records, were sourced from the Australian Bureau of Meteorol-
ogy (BOM) [45]. These data were processed using RStudio (version 2026.06.0+242; Posit
Software, PBC, Boston, MA, USA) [46] to calculate decadal trends (2000-2020) and the
frequency of extreme events. The NDVI layer of the MOD13Q1 product was used exclu-
sively because it provides vegetation greenness values at 250 m spatial resolution with a
16-day compositing interval. NDVI values are stored as scaled integers and converted to
physical values using a scale factor of 0.0001, resulting in values ranging approximately
from —1 to +1 [24]. Each MOD13Q1 composite is generated using the Constrained View
angle-Maximum Value Composite (CV-MVC) algorithm over a 16-day temporal window,
whereby the two observations with the highest NDVI are first identified, and whichever of
these two was acquired at the smaller, more nadir-aligned view angle is then selected to
represent the compositing period [47,48]. In Google Earth Engine, the image timestamp
corresponds to the beginning of the 16-day compositing period. Accordingly, each com-
posite was treated as representing conditions over the entire compositing interval, and
the temporal reference was shifted to the midpoint of the 16-day window for subsequent
time-series analyses.
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Figure 1. Schematic representation of Metropolitan Adelaide within South Australia (created by the
author using QGIS, ver. 6.8.1).

Prior to analysis, quality screening was applied using the MOD13Q1 SummaryQA
band, retaining pixels classified as good quality (SummaryQA = 0) or marginal quality
(SummaryQA = 1) while excluding snow-, ice-, and cloud-contaminated observations
(SummaryQA =2 or 3), consistent with the MOD13Q1 quality assurance guidelines [24]. In
Google Earth Engine, image timestamps correspond to the beginning of the 16-day com-
positing period; therefore, each composite was temporally referenced to the midpoint of the
compositing interval before monthly aggregation. Monthly NDVI values were calculated
by averaging all quality-filtered composites whose temporal midpoints fell within each
calendar month, ensuring that observations spanning two months were assigned to the
month they most appropriately represented. Months with fewer than two valid composites
were excluded to reduce uncertainty associated with limited temporal sampling and to
improve the temporal consistency of the monthly time series. The resulting monthly NDVI
dataset was subsequently used to examine vegetation responses to drought following the
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analytical framework of AghaKouchak et al. [49]. The entire preprocessing workflow, in-
cluding quality filtering, temporal adjustment, and monthly aggregation, was implemented
in Google Earth Engine.

The imagery spanned the period from 2000 to 2020, providing a comprehensive
time series for analysis. The NDVI data were spatially confined to the boundaries of the
metropolitan area and temporally aggregated to evaluate seasonal greenness variability
during the drought periods (2000-2020). The processed NDVI outputs were subsequently
exported to ArcGIS Pro version 3.5 (Esri, Redlands, CA, USA) for advanced temporal
and spatial analyses, encompassing trend detection, generating high-resolution maps, and
illustrating greenness decline and drought impact. Statistical and time series analyses were
conducted using a range of RStudio packages, including stats [50], ggplot2 [51], Ime4 [52],
tidyverse [53], and forecast [54]. These packages provided robust tools for performing
statistical modelling, data visualization, and time series forecasting.

2.3. Methodology

The analysis initially encompassed the entire urban green space (UGS) layer. However,
the observed patterns were largely influenced by the physiological characteristics of woody
vegetation. Mature trees maintain access to deep soil moisture and groundwater reserves
through extensive root systems that often extend beyond 2-3 m in depth. Consequently,
their spectral responses are less sensitive to short-term variations in surface moisture
availability, thereby attenuating drought-related signals within aggregated vegetation
indices. To enhance the detection of climatically responsive vegetation dynamics, the
analysis was subsequently refined to focus exclusively on 29 lawn patches distributed
across Adelaide’s urban green space network. Turfgrass root systems are typically confined
to the upper 10-30 cm of the soil profile, rendering lawns directly dependent on surface
moisture and short-term rainfall patterns, and are therefore a more reliable proxy for
detecting drought-induced vegetation stress at seasonal timescales. The 29 lawn patches
were selected using the following criteria. First, each patch contained at least one contiguous
250 m x 250 m area of grass cover, ensuring that the MODIS pixel footprint was not spatially
dominated by non-vegetated surfaces. Second, tree canopy cover within the pixel boundary
was limited to less than 10%, as assessed from aerial imagery, to prevent confounding of
the grass-derived NDVI signal by woody vegetation. Patches that did not meet all these
criteria were excluded from the lawn analysis.

The statistical analysis comprised seven sequential procedures designed to exam-
ine the hydroclimatic drivers of NDVI variability across Metropolitan Adelaide’s urban
green spaces: normality testing, correlation analysis, ordinary least squares regression,
standardized anomaly assessment, phase comparison, trend detection, and time series
decomposition with autocorrelation diagnostics (Figure 2).

2.3.1. Normality Testing

The distributional properties of all variables were assessed using the Shapiro-Wilk
test [55] at a significance level of o« = 0.05, applied separately to the full urban green space
dataset and the lawn-patch subset. The Shapiro-Wilk test is particularly suited to this
sample size (n < 252), as it maintains high statistical power in detecting departures from
normality relative to alternatives such as the Kolmogorov-Smirnov test. Results directly
determined whether parametric, non-parametric, or both classes of statistics were applied
in subsequent steps. Given that non-normality was confirmed across all primary variables
in the full dataset, both Pearson and Spearman coefficients were computed throughout to
verify directional agreement between methods.
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Data Input ¥» & _
%, NDVI (2000-2020, MODIS) - Monthly rainfall - Mean temperature |}

Step 1: Normality testing
Shapiro-Wilk W - a = 0.05 - applied to all three variables

Parametric Correlation Path:
Normality confirmed? ‘ Pearson's r
\\\/ YES: Pearson's r analysis only
NO |

Step 2: Correlation analysis
Pearson r - Spearman rs - neff - Fisher z

Step 3: OLS regression
NDVI = By + B¢ X + € - R? and adj. R?

Step 4: Standardised anomaly analysis
Anomaly z*t - summer NDVI vs precipitation

Step 5: Phase comparison
Mann-Whitney U - rank-biserial rrb - two phases

Step 6: Trend detection
Mann-Kendall S, T - Sen's slope B - three periods

Step 7: Time series decomposition
STL: Yt =Tt + St + Rt - ACF/PACF

Results
timpacts on vegetation - Hydroclimatic drivers identified

Data Input / . Analytical Statistical J Conditional Path
Qutput Process Step Decision Point (Pearson Only)

Source: Author

Figure 2. Flowchart of the methodology, including standardized anomaly analysis (Z*_t) for evaluat-
ing summer NDVI anomalies and precipitation variability.

2.3.2. Correlation Analysis

Bivariate associations between monthly NDVI and each hydroclimatic predictor were
quantified using Pearson product-moment correlation (r) and Spearman rank correlation
(r_s; [56]). Pearson’s r measures the strength and direction of linear association; Spear-
man’s r_s is a rank-based coefficient robust to outliers and distributional violations. Both
coefficients were evaluated at & = 0.05.

To characterize the temporal response of vegetation greenness to antecedent hydro-
climatic conditions, lagged Pearson correlations between monthly NDVI anomalies and
rainfall and temperature anomalies were computed at zero to three monthly intervals.
Monthly environmental time series commonly exhibits positive serial autocorrelation,
which inflates the nominal degrees of freedom and produces misleading significance as-
sessments under standard correlation tests. We therefore applied the sample size correction
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of Pyper and Peterman [57], which adjusts degrees of freedom to indicate the reduced
statistical independence introduced by autocorrelation and recalculates test statistics accord-
ingly. The 95% confidence intervals for all Pearson coefficients were derived via Fisher’s
z-transformation applied to the corrected degrees of freedom [58].

2.3.3. Regression Analysis

Ordinary least squares (OLS) regression was fitted separately for rainfall and mean
temperature as predictors of monthly NDVI. Separate univariate models were specified to
isolate the independent predictive contribution of each variable and to reduce potential
coefficient suppression associated with multicollinearity between temperature and rainfall.
Model performance was evaluated using the coefficient of determination (Rz), adjusted R?,
the F-statistic, and the associated p-value. Regression slopes were expressed in NDVI units
per mm of rainfall and NDVI units per °C to facilitate direct ecological interpretation.

2.3.4. Standardized Anomaly Analysis

Interannual variabilities in summer vegetation greenness and precipitation were
expressed as standardized anomalies, computed as the deviation of each annual summer
value from the 2000-2020 long-term mean divided by the standard deviation. This approach
removes the mean seasonal signal and expresses interannual departures in dimensionless,
comparable terms, enabling direct comparison between variables measured on different
scales and supporting the identification of co-occurring anomalies across the drought and
post-drought periods.

2.3.5. Phase Comparison

To test whether the Millennium Drought (2001-2009) produced a statistically distin-
guishable suppression of summer NDVI relative to the post-drought decade (2010-2020),
Shapiro-Wilk tests were first applied to each phase subsample independently. Where
non-normality was confirmed in at least one phase, the Wilcoxon rank-sum test [59], also
referred to as the Mann-Whitney U test [60], was applied to compare the two distributions
without parametric assumptions. Effect size was quantified using the rank-biserial correla-
tion coefficient (r_rb), which ranges from —1 to +1 and provides a standardized measure of
the magnitude of difference between groups that is independent of sample size.

2.3.6. Trend Detection

Temporal trends in monthly NDVI, rainfall, and mean temperature were assessed
using the Mann—Kendall test [61,62], a non-parametric rank-based procedure that evaluates
whether a variable tends to increase or decrease monotonically over time. The test produces
the T statistic, which approaches +1 for a consistent positive trend and —1 for a consistent
negative trend. Trend magnitude was estimated using Sen’s slope estimator [63], which
computes the median of all pairwise slopes and is robust to outliers and non-normal
data. Tests were applied separately to three periods: the full study period (2000-2020), the
Millennium Drought phase (2001-2009), and the post-drought recovery phase (2010-2020),
with statistical significance assessed at « = 0.05.

2.3.7. Time Series Decomposition and Autocorrelation Analysis

Monthly NDVI time series were decomposed into trend, seasonal, and remainder
components using the Seasonal and Trend decomposition using Loess (STL) procedure
of Cleveland et al. [64]. STL applies locally weighted regression smoothers iteratively
to extract low-frequency trend variation and periodic seasonal cycles from the observed
signal, with unexplained variability captured in the remainder. Unlike classical additive
decomposition, STL imposes no parametric constraints on the trend or seasonal shape, han-
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dles distributional irregularities without distortion, and is robust to outlier contamination
in the remainder component. These properties make it particularly suitable for vegetation
time series subject to prolonged drought episodes and partial recovery, where the signal of
interest unfolds over multiple years rather than within a single season. STL decomposition
was configured with a periodicity of 12, s.window = 13, Lwindow = 13, and t.window = 25
to capture annual seasonality and low-frequency trends over the 20-year record. Robust
fitting (robust = TRUE) was applied in the R implementation using bisquare weights to
minimize the impact of drought-induced NDVI anomalies.

Temporal dependency in the NDVI series was further characterized by using the
autocorrelation function (ACF) and partial autocorrelation function (PACF). The ACF quan-
tifies the correlation between the series and its own lagged values at successive intervals,
identifying dominant periodicities and the rate at which serial dependence decays. The
PACF isolates the direct correlation at each lag after removing the influence of shorter inter-
vening lags, thereby identifying the minimum autoregressive order required to represent
the dependence structure. Significance bounds were set at £1.96//n, corresponding to
conventional 95% confidence limits under the null hypothesis of white noise. The ACF
and PACF diagnostics served to characterize the autoregressive structure of the series and
to establish its consistency with a seasonal ARIMA framework, which can be used as an
extension for predictive modelling of urban vegetation dynamics in future work [65,66].

3. Results and Discussion
3.1. Seasonal Aridity and Prolonged Dry Spells

The long-term Ombrothermic diagram (Figure 3) coupled with the dry-month distri-
bution analysis (Figure S1 Supplementary Materials: Seasonal Aridity and Prolonged Dry
Spells: Annual Ombrothermic diagrams) reveals a pronounced seasonal aridity pattern in
Metropolitan Adelaide, with January, February, March, and December consistently identi-
fied as the primary dry months across the study period [35]. This pattern is consistent with
Adelaide’s Mediterranean climate classification, in which summer aridity is a defining and
climatologically expected characteristic rather than an anomalous condition [67].

2
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Temperature (°C)
&
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I wet vonth [ Ory Month
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Figure 3. (a,b) Long-term Ombrothermic diagram (left), temporal distribution of dry months
(right) in Metropolitan Adelaide. The blue line denotes total rainfall, whereas the red line denotes
mean temperature.

During these months, evapotranspiration is likely to exceed precipitation inputs,
generating recurrent seasonal moisture deficits that impose physiological stress on urban
vegetation and reduce ecosystem water availability.
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Superimposed on this climatological baseline, considerable interannual variability
in the number of dry months was observed across the study period. Years such as 2002
and 2004 experienced seven dry months, whereas 2011 recorded only four, indicating the
modulating influence of large-scale climate drivers on seasonal moisture availability. This
interannual variability is consistent with the known influence of the El Nifio-Southern Oscil-
lation (ENSO) on southern Australian rainfall (Table S1, Supplementary Materials), whereby
El Nifio phases suppress cool-season precipitation through shifts in atmospheric circulation,
while La Nifia phases enhance rainfall and reduce the duration of dry conditions.

Notably, 2005 recorded five consecutive dry months from January through May, with
potential implications for urban vegetation water stress and irrigation demand during
that period.

Within the study period (2000-2020), the observed dry-month frequency and seasonal
aridity patterns indicate a combination of climatological norms and interannual hydrocli-
matic variability. The data do not, in isolation, constitute evidence for a long-term trend
in aridity attributable to climate change, as distinguishing a forced trend from natural
variability is beyond the scope of this study and could involve formal attribution analysis.
Nevertheless, the persistence of late-year dryness in October-December, combined with the
drought conditions documented during 2000-2009, underscores the recurrent exposure of
Metropolitan Adelaide’s UGSs to moisture deficits, highlighting the importance of adaptive
water management strategies in urban green infrastructure planning [68].

To identify the climatic drivers of drought in Metropolitan Adelaide, we analyzed
the temporal variability of monthly rainfall anomalies and mean and maximum temper-
ature extremes over 2000-2020 using statistical trend assessment and anomaly mapping
techniques. These results indicate that seasonal drought dynamics in Metropolitan Ade-
laide are driven by the interaction between rainfall variability and temperature-driven
evapotranspiration, suggesting that integrating hydroclimate indicators can improve urban
climate resilience planning.

3.2. Temperature Patterns and Trends

The climate of Metropolitan Adelaide is characterized by marked seasonal tempera-
ture variability, with summer (December—February) median temperatures exceeding 25 °C
and winter (June-July) medians remaining below 20 °C [35]. The analysis of temperature
records from 2000-2020 reveals a warming signal consistent with regional climate change
projections, indicating that rising temperatures may amplify drought intensity through
increased atmospheric water demand (Figure S2 Supplementary Materials: Monthly and
annual trends and anomalies of mean and maximum temperature). The consistent rise in
mean temperature (+0.15-0.25 °C per decade) indicates a gradual intensification of regional
warming, which can accelerate soil moisture depletion and increase the frequency of heat-
drought compound events. In contrast, maximum temperatures display heterogeneous
patterns, with substantial warming in autumn (October-March) at +0.2-0.4 °C per decade,
while winter months remain stable or exhibit slight cooling. The intensification of tem-
perature anomalies after 2010 may indicate the increasing influence of large-scale climatic
drivers combined with long-term anthropogenic warming, potentially amplifying drought
severity and ecological stress in urban landscapes. This trend is driven by both natural
climatic variabilities, such as El Nifio events (e.g., 2015-2016), and long-term anthropogenic
influences. These trends align with broader regional observations, including Australia’s
accelerated warming of approximately 1.5 °C since 1950 [68].

These climatic trends may have cascading implications for urban environments, influ-
encing water demand, ecosystem health, and thermal comfort in densely built areas.
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3.3. Drought, Greenness, and Recovery: Evaluating Urban Vegetation Response to Summer
Water Stress

UGSs offer vital cooling through evapotranspiration and shade, especially during
extreme summer heat. However, their functionality is threatened by reduced rainfall, high
water demand, and limited irrigation. This paradox creates peak stress when cooling is
most needed. Given these competing demands between ecological water requirements and
climate regulation services, this study focuses on summer vegetation dynamics to examine
how drought conditions impact the capacity of urban green spaces (UGSs) to provide heat
mitigation benefits during periods of high thermal stress.

Figure 4 displays interannual anomalies in summer rainfall (light blue bars) and sum-
mer NDVI (dark green line) for Metropolitan Adelaide from 2000 to 2020. The Millennium
Drought period (2001-2009) is shaded in grey to emphasize hydrological stress. Rainfall
anomalies are computed relative to the 2000-2020 mean and highlight the extent of devia-
tion from long-term average precipitation levels. NDVI anomalies similarly represent the
deviations of vegetation greenness from the multi-year mean during peak summer months.
The dual-anomaly temporal analysis provides a robust analytical framework for quanti-
fying the hydroclimatic—vegetation coupling dynamics and interpreting the mechanistic
relationships between water availability and ecosystem functioning. The observed negative
precipitation anomalies during drought periods exhibit a strong temporal correlation with
simultaneous declines in NDVI values, indicating an immediate physiological response of
vegetation to water stress characterized by reduced photosynthetic activity and impaired
plant health.

Summer Rainfall and NDVI Anomalies in Metropolitan Adelaide (2000-2020)
Rainfall shown as bars (light blue), NDVI as line (dark green)

2

Millennium Drought

s s s° &
Year
Shaded area = Millennium Drought (2001-2009)
Figure 4. Interannual summer rainfall and Normalized Difference Vegetation Index (NDVI) anomalies
in Metropolitan Adelaide (2000-2020): assessing climatic influence on urban vegetation dynamics

during and after the Millennium Drought.

Pearson correlations between monthly NDVI anomalies and rainfall anomalies were
computed at lags of zero to three months, with adjustments for temporal autocorrelation
and 95% confidence intervals obtained using Fisher z-transformation [57]. The results,
summarized in Table 1, indicate that the strongest association occurred at the concurrent
lag (r = 0.272, 95% CI [0.152, 0.385], p < 0.001), indicating that vegetation greenness in this
dataset responds primarily within the same monthly period as the rainfall anomaly, with
limited evidence of persistent delayed response. Statistically significant but progressively
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weaker associations were observed at one-month (r = 0.180, p = 0.005) and two-month
(r=10.173, p = 0.007) lags, while the three-month lag association did not reach conventional
significance (r = 0.123, p = 0.058).

Table 1. Lagged Pearson correlations between monthly NDVI anomalies and rainfall anomalies,
Metropolitan Adelaide (2000-2020).

Lag n n¢®® Pearson r 95% CI t p
Lag 0 (concurrent) 252  243.4 0.272 [0.152, 0.385] 4394  <0.001
Lag 1 month 251 2426 0.18 [0.055, 0.299] 2.84 0.005
Lag 2 months 250 2411 0.173 [0.047, 0.293] 2712 0.007
Lag 3 months 249 2401 0.123 [—0.004, 0.245] 1.908  0.058

Note. NDVI = Normalized Difference Vegetation Index; n = nominal sample size; n®? ¢ = effective sample size
after correction for temporal autocorrelation [57]; 95% CI = confidence interval derived via Fisher z-transformation
applied to the effective degrees of freedom. Anomalies represent deviations from the 2000-2020 monthly clima-
tological mean. The row in bold and shading identifies the lag interval with the strongest observed correlation.
p < 0.10, not significant at the conventional & = 0.05 threshold.

This concurrent-dominant lag structure contrasts with longer antecedent response
windows reported for more water-limited vegetation systems [69,70] and may indicate the
moderating influence of irrigation management or the buffering capacity of established
urban tree root systems in attenuating short-term moisture deficits [8].

The post-drought recovery periods (2010, 2016, and 2017) demonstrate simultaneous
positive anomalies in both precipitation and NDVI metrics, indicating the resilience capacity
of urban ecosystems and their ability to recover photosynthetic function following the
restoration of adequate water availability. However, temporal detachment observed in
certain years (exemplified by 2014, where NDVI remained below the long-term mean)
indicates the presence of complex ecological lag effects and the influence of non-climatic
drivers on vegetation dynamics.

These variations may be attributed to several mechanisms, including antecedent soil
moisture conditions, species-specific drought tolerance thresholds, ecological memory
effects, and anthropogenic interventions such as irrigation management practices.

3.4. Heat Stress, Greenness, and Recovery: Evaluating Urban Vegetation Response to Summer
Thermal Stress

To examine the temporal structure of the temperature—vegetation relationship at sub-
seasonal resolution, Pearson correlations between monthly NDVI anomalies and monthly
temperature anomalies were computed at lags of zero to three months. All coefficients
were evaluated using an adjustment for serial autocorrelation following Pyper and Peter-
man [57], with 95% confidence intervals obtained using Fisher z-transformation applied
to corrected degrees of freedom. The results, summarized in Table 2, indicate that the
strongest association occurred at the concurrent lag (r = 0.164, 95% CI [0.041, 0.282], p
= 0.009), indicating that vegetation greenness in this system responds primarily within
the same monthly period as the temperature forcing. Lagged associations at one (r =
—0.188, p = 0.003), two (r = 0.037, p = 0.561), and three months (r = 0.089, p = 0.164) provide
additional context on the persistence of the thermal signal in vegetation dynamics.

The dominant concurrent lag indicates immediate vegetation responses through tran-
spiration cooling, and stomatal closure and photoinhibition are triggered at elevated tem-
peratures. The weakening correlations at one- and two-month lags highlight the buffering
effects of antecedent soil moisture and irrigation, while by three months, temperature
influence on NDVI becomes indistinguishable from background variability, indicating a
short thermal memory in this urban ecosystem.

https://doi.org/10.3390/rs18152531


https://doi.org/10.3390/rs18152531

Remote Sens. 2026, 18, 2531

15 of 33

Table 2. Lagged Pearson correlations between monthly NDVI anomalies and temperature anomalies.

Lag n nee  Pearsonr 95% CI t p
Lag O (concurrent) 252 252 0.164 [0.041, 0.282] 2.629  0.009
Lag 1 month 251 251 —0.188 [—0.305, —0.066] —3.018 0.003
Lag 2 months 250 250 0.037 [—0.088, 0.160] 0.582  0.561
Lag 3 months 249 249 0.089 [—0.036, 0.211] 1.397  0.164

Note. NDVI—Normalized Difference Vegetation Index.

3.5. Greenness Under Pressure: Evaluating Ecological Memory and Recovery in Adelaide’s
Urban Landscapes

Urban vegetation serves as a substantial component for ecological stability and cli-
mate regulation within metropolitan landscapes. We examine spatiotemporal patterns of
vegetation response to summer-season hydroclimatic variability in Metropolitan Adelaide,
with a focus on drought-induced stress and post-drought recovery trends. This analysis
delineates key indicators of vegetative greenness and resilience, informing climate-adaptive
urban planning and water governance strategies. Figure 5 presents interannual variations
in summer-season NDVI and corresponding total rainfall across the period 2000-2020.

Trends in NDVI and Rainfall During the Summer Season in Urban Green Spaces of Metropolitan Adelaide (2000-2020)

NDVI vs. Rainfall
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Figure 5. Interannual vegetation stress dynamics and productivity deficits in Metropolitan Adelaide
(2000-2020), illustrating urban vegetation responses during and after prolonged drought, with climate
variability represented by El Nifio (the warm phase of the El Nifio-Southern Oscillation [ENSO],
often linked to reduced rainfall and increased temperatures in southern Australia) and La Nifia (the
cool phase of ENSO, typically associated with above-average rainfall and cooler temperatures). NDVI
metrics include maximum (bars), mean (green line), and median (purple dotted line) values. Rainfall
metrics, scaled to the NDVI axis, include total rainfall (solid blue line), mean (dotted light blue),
and median (dark blue dashed line). The red dashed horizontal line denotes the maximum summer
NDVI observed across the entire study period, serving as a reference for interannual comparison.
This metric indicates the maximum greenness potential of the study area. Percentages above each
bar represent the relative deficit of the maximum NDVI in each year compared to the long-term
maximum benchmark. The time series is stratified into two distinct climatological phases: a drought
period (2000-2009) and a post-drought recovery phase (2010-2020). This visualization expresses
the vegetation response to seasonal rainfall variability, emphasizing the ecological consequences of
drought conditions and the extent of recovery in post-drought years.
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The NDVI and rainfall trends observed during the Millennium Drought (grey area)
highlight the substantial vulnerability of urban vegetation in Metropolitan Adelaide to
prolonged water scarcity.

Using the long-term maximum summer NDVI (0.31) as a reference benchmark, annual
deficits during this period consistently ranged from 0% to 30.2%, indicating substantial
reductions in vegetation greenness and photosynthetic capacity. The lowest NDVI was
recorded in 2000 (0.21), corresponding to a 30% deficit from the historical maximum. These
declines were closely aligned with substantial reductions in summer rainfall, particularly in
2002 and 2006. The highest NDVI values were observed in 2007 and 2008. This increase is
likely attributable to the La Nifia episodes during those years, which are typically associated
with enhanced rainfall and cooler temperatures across southeastern Australia, including
Metropolitan Adelaide. Despite seasonal NDVI peaks continuing throughout the drought
years, their reduced magnitude indicates a diminished vegetative response under water-
limited conditions. Additionally, the coinciding decline in mean and median NDVI values
indicates that the drought impact was spatially extensive rather than discrete to particular
urban zones. In most drought years, the mean NDVI exceeded the median, indicating a
left-skewed distribution and the presence of localized vegetation patches with relatively
higher levels of greenness, potentially irrigated or more resilient areas, amid an overall
controlled vegetative condition. These findings are consistent with the concept of ecological
memory, whereby past drought events cause long-lasting physiological and structural
changes in vegetation systems that constrain subsequent recovery [71].

In contrast, the post-drought period (2010-2020) demonstrated substantial signs of
vegetation recovery, despite temporal variability. Following the drought suspension, several
years (e.g., 2011, 2015, 2016, 2017, 2019, and 2020) recorded NDVI values within almost
3-10% of the long-term maximum, indicating that improved water availability can facilitate
partial restoration of UGS function. The convergence of mean and median NDVI values
during much of the post-drought period, particularly in 2012 and 2013, indicates a more
symmetric distribution of vegetation greenness across the landscape, indicating spatially
consistent recovery. In some years, such as 2014 and 2017, the median NDVI exceeded
the mean, indicating a positively skewed distribution. This indicates that while much
of the urban landscape exhibited relatively high vegetation greenness, the presence of a
few substantially degraded or low-NDVI zones may have suppressed the overall mean.
This pattern indicates the spatial heterogeneity characteristics of urban environments.
However, the recovery was not linear; NDVI deficits remained above 10% in several years
and increased sharply to 19.8% by 2018, signaling persistent vulnerability to climatic
variability and possibly to cumulative stress or lag effects from prior drought conditions.
The observed decline in NDVI during the summer of 2018 can be primarily attributed to
a combination of meteorological stressors, including substantially below-average rainfall
and elevated temperatures. These conditions coincided with an exceptional drought
affecting southeastern Australia, characterized by prolonged rainfall deficits and reduced
soil moisture availability. Elevated atmospheric evaporative demand during this period
further intensified vegetation water stress, contributing to reductions in vegetation growth
and canopy density observed in remote sensing studies [72].

3.6. Climatic Drivers of Urban Vegetation Dynamics in Adelaide

Pearson and Spearman correlation analyses were used to quantify the statistical
relationships between NDVI and two climatic variables, rainfall and mean temperature,
across Metropolitan Adelaide’s urban green spaces from 2000 to 2020.

Given the non-normal distribution of all variables confirmed by Shapiro-Wilk tests
(Table 3), both parametric and non-parametric coefficients were computed to ensure
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methodological robustness. As Table 4 shows, the NDVI-rainfall relationship is weak
and statistically non-significant. In contrast, NDVI exhibited a moderate, negative, and
highly significant association with mean temperature. This overall pattern indicates that
temperature, rather than rainfall, is the primary climatic driver of NDVI variability.

Table 3. Shapiro-Wilk normality test results.

Variable A% p-Value Normal (a = 0.05)
NDVI 0.9825 0.003 No
Rainfall (mm) 0.9515 <0.001 No
Mean Temperature (°C) 0.9387 <0.001 No

Note. W = test statistics. Significance assessed at a = 0.05.

Table 4. Pearson product-moment (r) and Spearman rank (rs) correlation coefficients for NDVI

against rainfall and temperature.

Is

Variable Pair r (Pearson) 95% CI t df p (Pearson) p (Spearman)
(Spearman)
NDVI~Rainfall —0.1120 [—0.2324, 0.0117] —-1.782 250 0.076 —0.0549 0.385
NDVI~Temperature —0.3473 [—0.4515, —0.2338] —5.856 250 <0.001 —0.3487 <0.001

(a)

NDVI

0.40

Note. NDVI—Normalized Difference Vegetation Index.

We used Ordinary Least Squares (OLS) regression to model the relationship between
NDV], rainfall, and temperature and quantify how precipitation and temperature dictate
vegetation productivity (Table 5 and Figure 6).

Table 5. OLS Regression Model Summary: NDVI against Rainfall and Mean Temperature.

Predictor Intercept Slope R? Adj. R? F-Statistic ~ p-Value
Rainfall (mm) 0.2764 —0.000186  0.013 0.009 3.18 0.076
Temperature (°C) 0.3277 —0.003697  0.121 0.117 34.29 <0.001

Note. OLS—Ordinary Least Squares Regression Model; NDVI—Normalized Difference Vegetation Index.

(b)
F=-0.112, R?=10.013, p 0.076 r=-0.347, R*=0.121, p < 0.001

0.40
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Figure 6. Scatter plots of monthly Normalized Difference Vegetation Index (NDVI) against
(a) monthly rainfall and (b) mean monthly temperature, with Ordinary Least Squares (OLS) re-
gression lines. Shaded areas represent the 95% confidence intervals of the regression estimates.

As Table 5 shows, the OLS regression model of rainfall explained 1.3% of NDVI
variance, and the overall model was not statistically significant. The regression coefficient
for rainfall was also non-significant, indicating that rainfall does not predict NDVI variation.
This finding is consistent with the nature of managed urban landscapes. Adelaide’s
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parks, street trees, and irrigated green spaces receive supplemental water supply that
partially separates vegetation condition from natural precipitation patterns. The non-
significant and marginally negative slope indicates that episodic high-rainfall months,
which predominantly occur in winter, do not produce proportional NDVI increases, likely
because cool-season rainfall coincides with naturally lower photosynthetic activity in
warm-season species.

Mean monthly temperature was a statistically significant predictor of NDVI. The
model explained 12.1% of NDVI variance. The coefficient for temperature indicates a
robust negative association between rising temperature and urban vegetation greenness.

The negative direction is ecologically consistent with the well-established sensitivity of
NDVI to vegetation physiological stress. Elevated temperatures can reduce photosynthetic
activity, promote stomatal closure, and accelerate senescence, leading to reduced canopy
greenness and lower NDVI values [70]. These physiological changes are also associated
with altered canopy optical properties, including reduced near-infrared reflectance, which
contributes to observed declines in vegetation indices under heat and drought stress
conditions [73].

During the Millennium Drought, sustained temperature anomalies could have exerted
persistent downward pressure on NDVI independently of irrigation management. These
results highlight temperature as the more direct short-term climatic driver of urban vegeta-
tion conditions and suggest that adaptation strategies focused solely on water management
may be insufficient to protect urban green space quality under projected warming scenarios.

3.7. Response of Urban Lawn Greenness to the Water Deficit in the Summer

The above analysis did not show a substantial reduction in greenness during the
Millennium Drought due to the trees” deep-rooted access to subsurface soil moisture and
groundwater. Lawn patches were selected because their shallow root systems make them
highly responsive to variations in surface soil moisture and precipitation, thereby providing
a more sensitive indicator of drought conditions. A total of 29 lawn patches distributed
across Adelaide’s urban green space network were selected (Figure 7, Table 6, and Table S2

Supplementary Materials).
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Figure 7. Mean monthly Normalized Difference Vegetation Index (NDVI), rainfall, and temperature
averaged across 2000-2020.
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Table 6. Descriptive statistics for monthly NDVI, rainfall, and temperature of selected lawn patches.

Variable n Mean SD Median Min Max
NDVI 252 0.5461 0.0737 0.555 0.37 0.67
Rainfall (mm) 252 48.79 34.36 41.33 0.46 163.55
Temperature (°C) 252 15.95 4.25 15.97 9.33 24.63

Note. NDVI—Normalized Difference Vegetation Index.

3.8. The Correlations Between NDVI and Hydroclimatic Variables in Selected Lawn Patches

Pearson’s product-moment correlation (r) was used to test the linear association
between NDVI and each climatic predictor. Spearman’s rank correlation (rs) provided a
non-parametric complement robust to non-normality and outliers.

Correlation results are presented in Table 7. The Pearson correlation between NDVI
and rainfall was small and positive (r = 0.156, p = 0.013), confirmed by the Spearman coeffi-
cient (rs = 0.149, p = 0.018). Both methods agree in direction and significance, indicating that
months with higher rainfall tend to have marginally higher NDVI. In contrast, the Pearson
correlation between NDVI and temperature was strong and negative (r = —0.863, p < 0.001),
with Spearman corroborating this finding (rs = —0.856, p < 0.001). The strong temperature
signal primarily indicates the seasonal cycle, wherein NDVI is systematically lowest in the
hot summer months and highest in the cooler winter months. Similar patterns have been
observed in urban vegetation studies, where turfgrass exhibits strong responsiveness to
drought conditions and associated variations in moisture availability, as detected using
airborne imaging spectroscopy [26]. This finding is consistent with the physiological sensi-
tivity of grasses to combined heat and moisture stress, which constrains photosynthetic
activity and accelerates canopy decline under high-temperature, water-limited conditions.
In Mediterranean-type climates such as Adelaide, where hot, dry summers impose strong
evaporative demand, these processes are likely to amplify seasonal reductions in grass
productivity and greenness.

Table 7. Pearson and Spearman correlation results for monthly NDVI versus rainfall and temperature.

Variable Pair Method r/rs t-Statistic p-Value
NDVI vs. Rainfall Pearson r=0.156 t=12.488 0.013
NDVI vs. Rainfall Spearman rs = 0.149 t=2.375 0.018
NDVI vs. Temperature  Pearson r=—0.863 t=—-27.041 <0.001
NDVI vs. Temperature =~ Spearman rs = —0.856 t=-26.174 <0.001

Note. NDVI—Normalized Difference Vegetation Index.

Simple ordinary least-squares regression (OLS) was fitted for each predictor to estimate
the regression slope, intercept, coefficient of determination (R?), adjusted R?, and F-statistic
(Table 8 and Figure 8).

Table 8. OLS Model Summary: NDVI against Rainfall and Mean Temperature.

Predictor Intercept Slope Slope Units R? Adj. R? F-Statistic = p-Value
Rainfall (mm) 0.5298 0.000333 NDVIper mm  0.024 0.020 6.19 0.013
Temperature (°C) 0.7845 —0.014954 NDVI per °C 0.745 0.744 731.21 <0.001

Note. OLS—Ordinary Least Squares regression, NDVI—Normalized Difference Vegetation Index.

The rainfall model explained only 2.4% of NDVI variance (R2 =0.024, Adj. R? =0.020,
F(1, 250) = 6.19, p = 0.013), with a slope of 0.000333 NDVI units per mm of rainfall. Al-
though statistically significant, this model has negligible predictive value and could be
interpreted primarily as confirming the direction and presence of a weak positive signal.
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The temperature model was substantially more powerful, explaining 74.5% of NDVI vari-
ance (R? = 0.745, Adj. R? = 0.744, F(1, 250) = 731.2, p < 0.001), with a slope of —0.014954
NDVI units per °C. An R? of 0.745 from a single predictor in a full-year monthly dataset is
notably high and indicates the extent to which the seasonal temperature cycle structurally
governs NDVI across Adelaide’s urban green spaces.
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Figure 8. Scatter plots of monthly Normalized Difference Vegetation Index (NDVI) against rain-

fall (a) and mean temperature (b), with Ordinary Least Squares (OLS) regression lines (red) and
corresponding 95% confidence intervals (orange shaded areas).

3.9. Standardized Anomalies and Summer Vegetation Dynamics

Standardized analyses (Figure 9) show that negative summer rainfall anomalies
broadly align with negative NDVI anomalies across the study period, though the relation-
ship is not uniformly coupled. The most negative NDVI anomaly (—1.790 in 2009) occurred
despite near-average summer rainfall (rain SA = —0.13), which indicates that cumulative
antecedent drought stress, rather than an acute single-season precipitation deficit, drove
the vegetation response. A similar pattern appears in 2007, where near-average summer
rainfall (rain SA = —0.19) coincided with a well-below-average NDVI anomaly (—1.230),
further consistent with multi-year drought suppression of lawn greenness.
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Figure 9. Interannual summer rainfall and Normalized Difference Vegetation Index (NDVI) anomalies
in selected lawn patches in Metropolitan Adelaide (2000-2020).
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The highest positive NDVI anomaly (+2.480 in 2017) coincided with the largest positive
rainfall anomaly in the record (rain SA = +3.13; 334.1 mm), during a La Nifia event. This
co-occurrence points to rainfall as the primary driver of vegetation recovery under post-
drought conditions, once the cumulative stress of the Millennium Drought had dissipated.

To examine the seasonal response of urban lawn greenness to interannual rainfall
variability across contrasting drought and post-drought conditions, mean summer NDVI
and total summer rainfall were compared annually for Metropolitan Adelaide lawn patches
over the 2000-2020 study period, with NDVI deficits calculated relative to the 20-year
summer maximum as a benchmark for the vegetation condition (Figure 10).

r-s ~~~~~~~-~~~-"7/°"°"°"°"°"°"°"°""7"°"°"°"°?°"°"°"°"°"°;"°;"°°OoT°OPOMOMOMOTOOOTTOTT
9% 9%
13%  q49, 12%

0% 21%

—
3
5
2
3
3
o
P
D
2
£
3
3

& & & & s s £ & &° s &

Year

Phase | Drought (2000-2009) M Post-Drought (2010-2020)

Figure 10. Summer Normalized Difference Vegetation Index (NDVI) (green line, right axis) and
total summer rainfall (bars, left axis) for selected urban lawn patches, 2000—2020. The red dashed
horizontal line denotes the maximum summer NDVI observed across the entire study period,
serving as a reference for interannual comparison.

Figure 10 shows that the mean summer NDVI declined progressively during the
drought period (2000-2009), with the deficit relative to the 20-year summer benchmark
increasing from 5% in 2000 to a maximum of 24% by 2009, indicating a cumulative reduction
in photosynthetic activity driven by sustained water stress rather than any single anomalous
year. Total summer rainfall during this period remained consistently low and variable, with
no single-season precipitation event sufficient to arrest the multi-year decline in greenness,
potentially indicating that antecedent moisture depletion and prolonged root-zone water
deficits governed the NDVI trajectory more than inter-annual rainfall variability alone. The
most acute deterioration occurred in the final three years of the drought (2007-2009), during
which deficits of 20%, 21%, and 24% were recorded in successive summers, consistent with
cumulative vegetation stress under multi-year rainfall deficiency.

Following the transition to the post-drought period (2010-2020), mean summer NDVI
partially recovered, with deficits generally reduced to the 8-19% range across most years,
though greenness did not return to benchmark levels in any year except 2017. The year 2017
is the only observation in the 20-year record in which the mean summer NDVI reached the
benchmark value (0% deficit), coinciding with the highest total summer rainfall recorded
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across the study period, which underscores the sensitivity of urban lawn greenness to
exceptional precipitation events. However, the persistence of NDVI deficits of 11-16%
across most post-drought summers, despite rainfall recovering toward pre-drought levels,
indicates that lawn greenness did not fully recover following the Millennium Drought,
pointing to possible changes in soil condition, vegetation composition, or long-term irri-
gation behavior. The absence of a simple year-by-year correspondence between summer
rainfall totals and NDVI levels in the post-drought phase further indicates that green-up in
urban lawns is mediated by additional factors including antecedent winter rainfall, soil
water storage capacity, and management interventions such as irrigation scheduling and
mowing frequency. The contrast between the drought and post-drought phases is also
evident in the rainfall bar magnitudes: the post-drought period contains several years with
notably higher summer totals, particularly 2010 and 2017, yet NDVI recovery remained
incomplete in most years, reinforcing that precipitation quantity alone does not determine
urban lawn condition. Taken together, these findings indicate that the Millennium Drought
imposed a lasting suppression on summer NDVI that persisted beyond the meteorological
drought end date, with full seasonal recovery contingent on the coincidence of both high
summer rainfall and adequate antecedent moisture, conditions met only in 2017 within
the study record. These results can have direct implications for urban greening policy
in Mediterranean cities, where climate projections indicate increasing drought frequency
and intensity, and where the observed lag between rainfall recovery and vegetation re-
sponse can improve modeling and inform the planning and management of urban green
space resilience.

3.10. Drought vs. Post-Drought Phase Comparison

Shapiro-Wilk testing revealed that summer NDVI was approximately normally dis-
tributed during the drought phase (W = 0.964, p = 0.829) but departed significantly from
normality during the post-drought phase (W = 0.837, p = 0.029; Table 9). The non-parametric
Wilcoxon rank-sum (Mann-Whitney U) test was therefore applied. The drought phase
had a mean summer NDVI of 0.459 (SD = 0.032, median = 0.465, IQR = 0.051), and the
post-drought phase had a mean of 0.467 (SD = 0.028, median = 0.457, IQR = 0.022). The
Wilcoxon test detected no statistically significant difference between phases (U = 52.5,
p = 0.888), with a negligible effect size (rank-biserial r = 0.046). These findings indicate
that, at the annual aggregate level, the Millennium Drought did not produce a statistically
distinguishable mitigation of summer NDVI compared to the subsequent recovery decade.
However, the small sample sizes (n = 10 and n = 11) confer limited statistical power.

Table 9. Shapiro-Wilk normality tests and Wilcoxon rank-sum (Mann-Whitney U) test for comparison
of summer NDVI between climatological phases, Metropolitan Adelaide, 2000-2020.

Test Statistic p-Value Effect Size Interpretation
Shapiro-Wilk (Drought) W =0.964 0.829 — Normal
Shapiro-Wilk (Post-Drought) W =0.837 0.029 — Non-normal
Wilcoxon Rank-Sum (Mann-Whitney U) U=525 0.888 r_rb = 0.046 Negligible

Note. NDVI—Normalized Difference Vegetation Index.

3.11. Mann—Kendall Trend and Sen’s Slope

Over the full study period (2000-2020), the Mann—Kendall test revealed no statistically
significant trend in NDVI (T = 0.005, p = 0.908; Sen’s slope = 0.000 per month), indicating
temporal stability in vegetation greenness at the regional scale across two decades. This
finding indicates that vegetation conditions remained relatively stable over the study
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period, exhibiting no substantial long-term trend of deterioration or improvement despite
the presence of climatic variability within the record.

During the Millennium Drought (2001-2009), NDVI exhibited a weak negative ten-
dency that did not reach statistical significance (T = —0.074, p = 0.264). Although the
negative T value is consistent with drought-related vegetation stress, the absence of a
statistically significant trend likely indicates the spatial and temporal heterogeneity of
drought conditions, whereby intermittent rainfall deficits and subsequent recovery periods
masked a persistent monotonic decline at the monthly timescale. In the post-drought phase
(2010-2020), NDVI showed no significant trend (T = 0.003, p = 0.959), indicating that vegeta-
tion greenness stabilized following the drought but did not exhibit a detectable recovery
trajectory over this period. The near-zero T value indicates that post-drought vegetation
dynamics were governed by year-to-year rainfall variability rather than a directional shift
in condition. Rainfall and temperature trends across all three periods are summarized in
Table 10, providing the climatic context within which these vegetation responses occurred.

Table 10. Mann—Kendall trend test (tau) and Sen’s slope for Normalized Difference Vegetation Index
(NDVI), rain, and temperature across study periods. Significance level: alpha = 0.05.

Period Variable tau p-Value S(ﬁosigse Trend
Full (2000-2020) NDVI 0.0050 0.908 0.000 x 10° No significant trend
Full (2000-2020) rain —0.0228 0.59 —1.479 x 10~2 No significant trend
Full (2000-2020) Temperature 0.0152 0.72 1.140 x 1073 No significant trend
Drought (2001-2009) NDVI —0.0743 0.264 —2.667 x 1074 No significant trend
Drought (2001-2009) rain —0.0256 0.696 —3.578 x 1072 No significant trend
Drought (2001-2009) Temperature 0.0312 0.635 6.087 x 1073 No significant trend
Post-Drought (2010-2020) NDVI 0.0032 0.959 0.000 x 10° No significant trend
Post-Drought (2010-2020) rain —0.0669 0.256 —7.496 x 102 No significant trend
Post-Drought (2010-2020) Temperature —0.0146 0.806 —1.804 x 1073 No significant trend

Note. NDVI—Normalized Difference Vegetation Index.

The typology of drought events has direct implications for interpreting vegetation
responses in urban green spaces. Vegetation responses during the Millennium Drought
have been shown to vary substantially across space and time, with strong sensitivity to
prolonged rainfall deficits but limited evidence for systematic cumulative degradation
from repeated drought exposure [74]. Recovery dynamics are highly context-dependent
and influenced by local hydroclimatic conditions, with post-drought variability often
indicating interannual climate variability rather than a consistent directional trend [75]. The
Millennium Drought, as a prolonged multi-year drought event in southeastern Australia,
represents an extended period of hydroclimatic stress, making it relevant for assessing
vegetation sensitivity across different phases of drought and recovery.

The absence of a statistically significant recovery trend in the post-drought phase
(T=10.003, p = 0.959) indicates a lack of detectable monotonic vegetation recovery over
the study period. This pattern is broadly consistent with Jiao et al. [74], who demon-
strate that vegetation responses to drought in Australia are highly event-driven, with
strong short-term sensitivity but limited evidence for systematic degradation from reported
drought exposure.

3.12. NDVI Time Series Analysis: Insights into Urban Vegetation Dynamics and
Climate-Driven Changes

The time series analysis of NDVI in Metropolitan Adelaide reveals substantial insights
into the impact of drought on UGSs. The decomposition of the NDVI time series into
trend, seasonal, and remainder components using the STL method [64] highlights distinct
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patterns. STL decomposition (Figure 11) separated the monthly NDVI time series into
three components: trend, seasonal, and remainder. The trend component exhibited a clear
low-frequency structure, though the Mann—Kendall test applied to the raw monthly NDVI
series returned no significant directional trend (tau = 0.005, p = 0.91). The trend began at
approximately 0.60 in January 2000 and declined to a minimum of 0.51 in August 2008, a
reduction of approximately 0.09 NDVI units. It then recovered to a local maximum of 0.57
by November 2010 before stabilizing at approximately 0.54-0.56 through to December 2020
(mean 2013-2020: 0.55).

Observed NDVI Time Series

NDVI

2000 2002 2004 2006 2008 2010 2012 2014 2016 2018 2020

Trend Component (STL)

Trend

2000 2002 2004 2006 2008 2010 2012 2014 2016 2018 2020

Seasonal Component (STL)

Seasonal
=

2000 2002 2004 2006 2008 2010 2012 2014 2016 2018 2020

Remainder Component (STL)

Residual

2000 2002 2004 2006 2008 2010 2012 2014 2016 2018 2020

ACF PACF

Autocorrelation
Partial Autocorrelation

10 15 10 15
Lag (months) Lag (months)

Figure 11. Decomposition of the Normalized Difference Vegetation Index (NDVI) time series: trend,
seasonal, residual, autocorrelation function (ACF), and partial autocorrelation function (PACF). Blue
shading indicates the 95% confidence bounds for autocorrelation.

This low-frequency trend aligns temporally with the Millennium Drought and its af-
termath. The absence of a statistically significant trend across the full 2000-2020 period may
indicate interannual variability and the counteracting influence of episodic drought-driven
declines and subsequent vegetation recovery, which can mask longer-term directional
changes when assessed over extended time scales. Consistent with this interpretation,
Tian et al. [19] documented a pronounced reduction in NDVI and Solar-Induced Fluo-
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rescence (SIF) during the exceptional 2018 drought in southeastern Australia, along with
evidence of partial vegetation recovery following the peak drought period, highlighting
the sensitivity of vegetation productivity to short-term hydroclimatic extremes. Cultivated
lands and grasslands were among the most drought-sensitive vegetation types during
the Millennium Drought, exhibiting pronounced reductions in vegetation activity across
drought phases [74]. However, subsequent analyses indicate that there is limited evidence
for strong cumulative or compounding effects from repeated drought exposure, with vege-
tation responses largely driven by discrete drought events and partial recovery between
phases [74].

The seasonal component showed consistent annual cycles throughout the 20-year
record, with a positive amplitude reaching approximately +0.13 NDVI units in June and a
negative amplitude of approximately —0.11 NDVI units in January, yielding a full peak-
to-trough range of approximately 0.24 NDVI units. Mean seasonal values confirm June
(0.098) and July (0.078) as the months of maximum greenness and January (—0.097) and
February (—0.093) as the months of minimum greenness. This pattern directly indicates
Adelaide’s Mediterranean climate, in which cool-season rainfall drives winter green-up
and summer heat drives senescence. The seasonal amplitude remained visually consistent
across the study period, with no systematic reduction during the late Millennium Drought
years (2007-2009), although this can be evaluated with formal numerical testing before
interpretation. The remainder component captured short-term anomalies not explained by
trend or seasonality. The dominant feature is a sharply localized negative residual in June
2001, reaching —0.284 NDVI units. This is the single largest departure in the entire record
and represents an isolated monthly event rather than a sustained multi-month signal; resid-
uals across the remainder of 2001 and 2002 are small, generally within £0.07 NDVI units.
The June 2001 anomaly occurred during the late stage of the 1998-2001 La Nifia and cannot
be attributed to El Nifio-driven drying. Local factors including irrigation management
changes, sensor artefacts, or localized weather extremes can benefit from further investi-
gation in future work. A secondary anomaly cluster is evident in May—June 2005, with
residuals of —0.138 and —0.137 NDVTI units, respectively, followed by moderate negative
values across mid-to-late 2006. This pre-dates the Millennium Drought peak and may indi-
cate antecedent drying conditions or management responses. Residuals during 2008-2009,
often cited as the drought peak period, are notably small (range: —0.032 to +0.021 NDVI
units), indicating that the drought signal during this period was captured primarily by the
trend component rather than the remainder. Residuals remain small and near-zero from
2010 onward, consistent with the improved agreement between the modelled components
and observed NDVI following the drought period.

The ACF of the raw monthly NDVI series showed a statistically significant positive
autocorrelation at successive short lags, with lag 1 returning a value of 0.774 (95% CI
boundary: £0.124). Strong positive peaks at lags 12 (ACF = 0.732) and 24 (ACF = 0.669)
confirm that annual seasonality is the dominant periodic structure in the signal. Signifi-
cant negative autocorrelations at lags 5-7 (ACF values: —0.644, —0.747, —0.647) and lags
17-19 (ACF values: —0.589, —0.689, —0.579) are consistent with the seasonal inversion
characteristic of annual vegetation cycles in a Mediterranean climate. The gradual decay of
autocorrelation across short positive lags indicates temporal momentum in lawn greenness,
attributable to soil moisture persistence and the inertial response of turf grass to antecedent
water availability.

The PACF confirmed that the preceding month is the strongest direct predictor of the
current NDVI, with a lag 1 partial autocorrelation of 0.776. Significant negative partial
autocorrelations at lags 2 (PACF = —0.404), 3 (PACF = —0.412), and 4 (PACF = —0.312)
indicate a low-order autoregressive correction structure following the dominant lag 1
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effect. The partial autocorrelation at lag 12 was 0.055, which is below the 95% confidence
interval boundary of +0.124 and is therefore not statistically significant. Collectively, the
ACF and PACEF structures are characteristic of a seasonal autoregressive process, broadly
consistent with a SARIMA-type dependence framework. These analyses were conducted
as descriptive diagnostic tools within the present study. SARIMA-based forecasting, while
supported by these dependency structures as a logical extension, was not implemented
here and is a possible direction for future research.

4. Conclusions

Although established drought categories (meteorological, agricultural, hydrological,
and ecological drought) provide conceptual and diagnostic frameworks, urban green spaces
are embedded within coupled human—environment systems and may respond differently
from natural, agricultural, or unmanaged vegetation. We therefore introduce the term
“urban greenery drought” as a fit-for-purpose conceptual framing to describe a distinctive
form of urban vegetation stress. In this framing, urban greenery drought refers to a
condition in which the greenness or photosynthetic activity of urban vegetation is partially
buffered from short-term rainfall variability, potentially because of irrigation, groundwater
access, stormwater redistribution, impervious-surface runoff, soil modification, species
selection, or other forms of human-managed water input, while remaining vulnerable to
elevated temperature, atmospheric evaporative demand, heat extremes, and limitations
in the capacity of management systems to offset thermal stress. The concept therefore
captures not only a biophysical response of vegetation, but also the mediating role of
urban infrastructure, landscape design, water governance, and human intervention. In
other words, it emphasizes vegetation stress within managed urban landscapes where
plant water availability, species composition, rooting conditions, irrigation practices, runoff
redistribution, and maintenance regimes are shaped by human decisions.

This study quantified drought impact on UGSs in Metropolitan Adelaide, Australia,
using satellite-derived NDVI time-series data over 2000-2020. By applying STL decom-
position, lagged Pearson correlation, OLS regression, Mann-Kendall trend analysis, and
phase comparison methods, it characterized how hydroclimatic variability governs urban
vegetation conditions across two contrasting climatic periods.

Metropolitan Adelaide’s seasonal aridity, with January through March consistently
identified as the primary dry months, indicates an established climatological baseline rather
than an anomalous condition. Superimposed on this pattern, mean temperatures increased
at +0.15-0.25 °C per decade, with autumn maximum temperatures warming at +0.2-0.4 °C
per decade. These trends are consistent with regional observations of approximately
1.5 °C warming in Australia since the early 20th century, with most warming occurring
since 1950 [19], and indicate that drought severity in this city is compounded by thermal
intensification independent of precipitation variability.

The vegetation greenness declined by approximately 0.09 NDVI units during the
Millennium Drought (2001-2009), with summer deficits reaching 24% below the 20-year
benchmark. Aggregated urban canopy analyses did not capture this signal because deep-
rooted trees access groundwater independently of surface precipitation. Isolating 29 lawn
patches with shallow root systems (10-30 cm) resolved this limitation and revealed that
temperature was the dominant driver of NDVI variability (r = —0.863, R? = 74.5%), sub-
stantially exceeding the effect of rainfall (r = 0.156, R? = 2.4%). ENSO variability further
modulated these dynamics, with La Nifia phases supporting vegetation recovery and El
Nifo events intensifying greenness decline.

Post-drought recovery was incomplete. Annual summer NDVI deficits of 8-20%
persisted through 2020, and full recovery to benchmark levels occurred only in 2017,
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coinciding with the highest summer rainfall recorded across the study period. The absence
of a significant directional trend over the full study period (Mann-Kendall T = 0.005,
p = 0.908) indicates the partial offset of drought-induced decline by post-drought recovery,
rather than genuine vegetation stability. The Wilcoxon phase comparison confirmed that
active irrigation maintained baseline NDVI at the aggregate level during drought years, yet
it did not prevent cumulative greenness deterioration or restore peak vegetation condition.
These findings are consistent with press drought dynamics, in which multi-year rainfall
deficits impose lasting physiological and structural changes that constrain subsequent
recovery. The present findings, showing a persistent deficit even a decade after drought
end, suggest that urban lawn systems in Mediterranean climates could be regarded as
highly vulnerable to press droughts and could benefit from managed species selection and
water-smart maintenance regimes that are essential for climate.

These results carry direct implications for urban planning in Mediterranean-climate
cities. The finding that temperature drives UGS condition more forcefully than rainfall
indicates that water management strategies alone may be insufficient. Projected rainfall
declines of 10-20% by 2050, combined with continued regional warming, can compound
existing vegetation stress in ways that irrigation scheduling cannot fully address. Ef-
fective urban green infrastructure in these environments can benefit from combining
drought-tolerant species selection, anticipatory irrigation scheduling responsive to thermal
forecasts, and water-sensitive urban design that accounts for both moisture deficits and
heat accumulation.

Although the analysis focuses on Adelaide, the methodology developed in this study
can be applied to other cities experiencing similar climatic pressures, enabling comparative
assessments of urban vegetation resilience in water-limited environments.

5. Recommendations

This study used a LiDAR-derived shapefile as the spatial reference framework for
delineating urban green spaces (UGSs) in Adelaide, from which NDVI values were subse-
quently extracted to characterize vegetation distribution across the urban landscape. The
integration of LIDAR-based land-cover information substantially improves the accuracy
of vegetation boundary identification and minimizes uncertainties associated with mixed
pixels and heterogeneous urban surfaces. However, the availability of such high-resolution
and systematically validated spatial datasets remains limited in many cities worldwide,
particularly in small- and medium-sized urban areas. Despite these limitations, the method-
ological framework proposed in the present study demonstrates strong transferability and
practical applicability beyond the Adelaide case study. The analytical workflow developed
here, including urban green-space delineation, temporal NDVI extraction, and drought-
response assessment, can provide a scientifically robust foundation for urban vegetation
monitoring in data-scarce regions. In cities lacking high-quality LIDAR products, the frame-
work may be adapted using alternative remotely sensed datasets, such as high-resolution
multispectral imagery, open-access land-cover products, or machine-learning-based vegeta-
tion classification approaches. Consequently, the proposed methodology offers a scalable
and reproducible approach for evaluating urban vegetation dynamics and drought-induced
ecological stress, particularly in rapidly urbanizing regions where detailed spatial invento-
ries are not yet available.

Effective urban green infrastructure in these environments can benefit from combining
drought-tolerant species selection, anticipatory irrigation scheduling responsive to thermal
forecasts, and water-sensitive urban design that accounts for both moisture deficits and
heat accumulation.
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Urban greening programs may benefit from incorporating warm-season turfgrass
cultivars and tree species that demonstrate thermal tolerance under sustained tempera-
tures exceeding 25 °C. Given the observed NDVI suppression during January through
March, species selection can incorporate assessments of physiological performance under
combined heat and moisture stress alongside drought tolerance characteristics. Replacing
cool-season species that perform adequately in Adelaide’s winter but are poorly adapted
to its summer thermal regime could directly reduce the magnitude of the seasonal NDVI
deficits documented throughout the study period (Table S3, Supplementary Materials).

ENSO-informed irrigation scheduling: Seasonal climate forecasts based on ENSO
phase predictions may be considered in irrigation planning. La Nifia phases were con-
sistently associated with positive NDVI anomalies and partial vegetation recovery, while
El Nifio events intensified greenness decline. Water managers can use Bureau of Mete-
orology ENSO outlooks, available at three-to-six-month lead times, to adjust irrigation
volumes and scheduling in advance of forecast dry periods. This anticipatory approach
could reduce the cumulative moisture stress that drove summer NDVI deficits of up to
24% during the Millennium Drought peak and could improve the efficiency of existing
irrigation allocations.

Water source diversification: Given projected rainfall declines of 10-20% by 2050,
continued reliance on potable water for UGS irrigation may not be sustainable at current
levels. The persistent NDVI deficits of 8-20% recorded throughout the post-drought period
indicate that existing water allocations to UGSs are already insufficient during dry years.
Expanding the use of recycled water, stormwater harvesting, and aquifer storage and
recovery systems for UGS irrigation could reduce competition with potable supplies and
provide a more climate-independent water source during extended dry periods.

Lawn-based NDVI monitoring as an early warning tool: Urban lawn patches, given
their shallow root systems (10-30 cm) and direct dependence on surface moisture, function
as reliable early indicators of drought-induced vegetation stress. Mixed-canopy analyses
masked the NDVI signal that the 29 lawn patches in this study detected clearly. Municipal
authorities may benefit from incorporating regular satellite-derived NDVI monitoring rep-
resentative lawn sites at monthly intervals into urban greening programs. This could allow
managers to identify seasonal anomalies before cumulative stress becomes structurally
irreversible, enabling timely irrigation responses during peak summer months.

Long-term post-drought recovery planning: The Millennium Drought imposed NDVI
deficits that persisted well beyond its meteorological end date, with full seasonal recovery
recorded only in 2017. Vegetation recovery following a multi-year press drought appears
to occur over timescales longer than a single growing season. A post-drought revegetation
and soil rehabilitation approach over approximately five to ten years, benchmarked against
pre-drought NDVI values, may support the evaluation of recovery processes. Monitoring
could remain active throughout this recovery window to detect and respond to periods of
renewed thermal or hydroclimatic stress before deficits compound further.

Future research: Incorporating fine-resolution irrigation data, water authority records,
or land-use classifications with irrigation status metadata could improve the ability to
partition climatic and managerial drivers of urban vegetation dynamics.

Integration into urban policy and design frameworks: Embedding these recommenda-
tions within urban policy and design frameworks may support their implementation more
consistently than ad hoc management responses. Water-sensitive urban design guidelines,
municipal green space master plans, and state-level climate adaptation strategies can in-
corporate insights from the temperature—vegetation relationships and drought recovery
timescales documented in this study. These results indicate that not considering the thermal
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amplification of drought stress or long-term monitoring and adaptive revision may lead to
overestimation of UGS resilience under projected climate conditions in South Australia.
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