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Abstract: The growing concern surrounding climate change has gradually drawn attention to the
influence of climate factors on drought occurrence. In order to effectively prevent the occurrence
of drought and reasonably utilize water resources, the vegetation health index (VHI) was used to
characterize drought in North China Plain (NCP) in this study. Furthermore, six climate factors: air
temperature (AT), precipitation (P), evapotranspiration (ET), specific humidity (SH), soil moisture
(SM), and soil temperature (ST) were selected. The pole symmetric mode decomposition (PSMD)
and improved gridded trend test (IGT) were used to analyze the spatial–temporal characteristics of
drought and climate factors in NCP from 1982 to 2020. By calculating the cumulative climatic factors
of 0 months, 1 month, 2 months, and 3 months, the correlation between drought and the climatic
factors with different cumulative scales was analyzed. The results showed that: (1) from 1982 to 2020,
the drought in NCP showed a downward trend and the climate factors showed an upward trend;
(2) with the increase in AT, P, ET, SH, SM, and ST, VHI showed an upward trend, and SM showed
the strongest correlation with VHI; (3) the optimal cumulative lag time (CLT) for AT, P, ET, SH, SM,
and ST were 1.67 months, 1.48 months, 1.95 months, 1.69 months, 0.89 months, and 1.81 months,
respectively; and (4) AT was the main driving factor of drought in NCP. This study contributes to the
early warning and prediction of drought events, providing a scientific basis for water management
authorities in drought management and decision making, and mitigating the negative impacts of
drought on socio-economic aspects.

Keywords: drought; climate factors; cumulative effects; vegetation health index; North China Plain

1. Introduction

Due to the intensifying impacts of global climate change, the occurrence and intensity
of droughts are progressively on the rise, resulting in unfavorable consequences [1–3].
Droughts inflict significant economic losses and ecological damage annually, exerting
considerable adverse impacts on agricultural, ecological, and socio-economic systems,
particularly on terrestrial ecosystems [4,5]. Vegetation, as a crucial element of land-based
ecosystems, is considered highly susceptible to the impacts of climate change [6]. Global
climate change alters climate patterns and profoundly affects vegetation patterns and
dynamics [7,8]. While climate warming enhances vegetation productivity [9,10], the con-
current occurrence of regional heatwaves and drought events severely impedes vegetation
growth [11–13]. Since 2000, there has been a 29% increase in the global number of droughts
and their duration [14]. Three quarters of the global population are currently being affected
by drought. Concurrently, intensified human activities have exacerbated the existing cli-
mate system changes. It is projected that by the end of this century, global temperatures
could rise by 0.3–4.8 ◦C, leading to significant adverse impacts on global socio-economic
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systems due to associated drought events [15–17]. Given the continuously evolving climate
conditions, the 21st century will be confronted with escalating drought risks. Consequently,
it is of the utmost importance and urgency to investigate the effects of climate factors on
vegetation, and to enhance our understanding of the underlying mechanisms linking them
to drought occurrences.

Over the past few decades, remote sensing data have been instrumental in enabling
extensive vegetation monitoring, leading to the emergence of diverse remote-sensing-based
drought indices, such as the normalized difference vegetation index (NDVI), vegetation
drought response index (VegDRI) [18], vegetation condition index (VCI) [19], temperature
condition index (TCI) [20], vegetation supply water index (VSWI) [21], and vegetation
health index (VHI). The VHI used in this study was proposed by Kogan based on the
linearly weighted TCI and VCI, which comprehensively reflects changes in water and
temperature within ecosystems [22]. Bhuiyan et al. monitored drought dynamics in the
Aravalli region by calculating the TCI, VCI, and VHI, and their findings demonstrated that
combining the VCI and TCI yielded superior performance compared to their individual
utilization, suggesting the advantages of the VHI in detecting drought dynamics [23].
Javed et al. compared the standardized precipitation index, standardized soil moisture
index, multivariate standardized drought index, and VHI, and observed that the VHI better
captured changes in soil moisture [24]. Moreover, the VHI has been widely employed for
drought mapping in numerous regions [25,26]. Thus, the VHI amalgamates information on
vegetation growth and vegetation water conditions, rendering it a more suitable remote
sensing index for monitoring drought impacts.

Moreover, it is essential to consider the time lag effect when examining the interplay
between climate factors and vegetation. When climate factors surpass vegetation tolerance
thresholds, there is delayed feedback in the vegetation growth response to climate changes,
implying that climate changes occurring several months ago can also influence plant
growth [27,28]. Currently, there is a growing recognition among studies regarding the
significance of the lag time effect. Wu et al. investigated the time lag effect of the global
vegetation response to different climate factors by developing multiple linear regression
models and partial correlation models [29]. Their results revealed that considering the time
lag effect improved the explanation of the global vegetation change by 11% compared to
not considering the time lag effect. Kong et al. employed linear regression to determine the
lag time between precipitation, temperature changes, and NDVI responses on a daily scale,
and discovered that the lag time varied across vegetation zones and land cover types [30].
Therefore, by accounting for the time lag effect, a more comprehensive understanding of
drought response to climate factors can be attained. Although numerous studies have
considered the time lag effect, they have neglected another crucial temporal aspect, namely
the cumulative effect. As climate factors accumulate over time, different accumulation
durations exert distinct impacts on drought. The omission of cumulative climate effects
oversimplifies the actual interaction between vegetation and drought [31]. Furthermore,
previous studies have seldom addressed the differential driving effects of various climate
factors on drought, which hinders a deeper understanding of the underlying mechanisms
through which climate factors influence drought. Therefore, it is essential to calculate the
contribution rates of different climate factors to drought considering the cumulative effects.
This approach aids in identifying the primary climate factor with the greatest impact on
drought and provides valuable insights into the precise mechanisms by which climate
factors affect drought.

North China Plain (NCP) plays a significant role in China’s agricultural sector, par-
ticularly in the cultivation of crops such as grains, cotton, and oil, experiences frequent
drought occurrences, and exhibits sensitivity and vulnerability to climate change. There
has been a significant increase in the frequency of drought occurrence in NCP in recent
decades, leading to severe water shortages that impede agricultural development [32].
Simultaneously, studies on the intensity and characteristics of drought in NCP have been
conducted [33]. However, the existing research often overlooks the temporal continuity
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of climate factors when summarizing historical drought patterns based on observational
data, thereby resulting in an insufficient understanding of the time lag and cumulative
effects of climate factors, as well as the underlying mechanisms through which climate
factors influence drought. Examining the influence of climate factors on drought in NCP
is of paramount importance for establishing a robust drought prevention system, and
facilitating informed planning and sustainable utilization of water resources. Consequently,
this study aims to analyze the spatiotemporal characteristics of drought and climate factors
in NCP and to investigate the impact of climate factors, along with their cumulative effects
on drought. The main objectives of this study are as follows: (1) to investigate the changing
characteristics of drought and climate factors in NCP from 1982 to 2020; (2) to examine the
impact of climate factors at different accumulation scales on drought; (3) to explore the
optimal lag time of cumulative climate factors on drought; (4) to identify the key driving
cumulative climate factors for drought.

2. Materials and Methods
2.1. Study Region

Covering an expansive area of around 540,000 km2, NCP, or Huang-Huai-hai Plain,
stands as the second largest plain in China (Figure 1). Located between 31◦ N–43◦ N
and 110◦ E–122◦ E, it has an average elevation of less than 50 m and a semi-humid,
temperate continental monsoon climate [34]. The proportions of cropland, forest, grassland,
water, urban areas, and bare areas in NCP are 55.9%, 15.5%, 9.5%, 4.1%, 14.2%, and 0.5%,
respectively. Additionally, the annual average temperature and precipitation are 8–15 ◦C
and 400–600 mm, respectively. With the rapid economic and social growth, the level of
urbanization continues to improve, and the population of NCP continues to grow rapidly.
It is the main grain-, oil-, and cotton-producing area in China. However, in recent years,
NCP has faced intensified drought, ecological fragility, and water shortage issues, which
have significantly impacted the region’s sustainable economic and social development [35].
Moreover, it is important to note that the severity of drought varies across different regions
within NCP. For the purpose of this study, NCP is divided into five regions: Beijing (BJ),
Tianjin (TJ), Shandong (SD), Hebei (HB), and Henan (HN).
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Figure 1. (a) Administrative sub-zones and (b) land use types in NCP.

2.2. Dataset
2.2.1. FLDAS Dataset

The FLDAS dataset, available through the Famine Early Warning Systems Network
Land Data Assimilation System V001, combines information from the CHIRPS and MERRA-
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2 remote sensing satellite data. It encompasses various climate-related variables such as
evaporation, soil moisture, heat flux, surface radiation, and total rainfall rate. By integrating
multiple satellite precipitation data sources, the FLDAS dataset utilizes a global-scale, high-
resolution land surface data assimilation system. Notably, the FLDAS dataset offers a
superior spatial resolution (0.1◦ × 0.1◦).

2.2.2. STAR Dataset

The STAR dataset, provided by the National Oceanic and Atmospheric Administration
(NOAA) through their Shuttle Radar Topography Mission (STAR) program, offered a
remote sensing dataset of monthly VHI for the years 1982–2020. The spatial resolution of
this dataset was 4 km. Prior to analysis, the data were clipped and preprocessed using
ArcGIS software 10.2, allowing the generation of monthly, quarterly, and annual VHI
spatial datasets specifically tailored to NCP. In order to facilitate subsequent analysis
and research, the resolution of the VHI data was adjusted to 0.1◦ × 0.1◦ through the
process of resampling. This adjustment was made to ensure that the VHI data matched the
resolution of the FLDAS data, thereby allowing for compatibility and ease of comparison in
further analysis.

2.3. Methods
2.3.1. Pole Symmetric Mode Decomposition (PSMD)

The pole symmetric mode decomposition (PSMD) method, developed by Wang Jin-
liang and Li Zongjun in 2013, is a data-driven, adaptive, nonlinear, time-variable decompo-
sition technique [36,37]. Building upon the principles of empirical mode decomposition
(EMD), PSMD enables the extraction of change trends and periods within nonlinear and
non-stationary time series. This method overcomes the issue of “mode aliasing” encoun-
tered in EMD and exhibits several advantages for climate analysis. It excels in detecting
change trends, allowing for the separation of inter-annual change trends and overall trends
within a data series. PSMD is also effective at anomaly diagnosis, facilitating the identi-
fication of abnormal time frequency bands within each data series mode. Moreover, this
method enables a time frequency analysis, utilizing a direct interpolation approach to
analyze frequency changes across various time scales.

2.3.2. Improved Gridded Trend Test

The improved gridded trend test (IGT), an enhanced version of the traditional Mann–
Kendall method, is a non-parametric test method specifically designed for autocorrela-
tion sequences. It surpasses the traditional method in terms of accuracy in significance
level testing without compromising efficacy [38,39]. Particularly suitable for trend test-
ing within hydrological and meteorological time series, the IGT method follows several
calculation steps:

Each data point is normalized within the time series XT by dividing it by the series’
mean value. This generates a new time series Xt, from which the rank trend estimator β
is calculated.

β = median
[(

xi − xj
)
/(i − j)

]
1 ≤ i < j ≤ n (1)

Here, a positive β indicates an upward trend, while a negative β signifies a downward trend.
Assuming the trend term of the new time series Xt is linear Tt, the corresponding

stationary series is derived Yt by removing the trend term.

Yt = Xt − Tt − β× t (2)

The autocorrelation coefficient ri is calculated for the rank sequence corresponding to
the stationary series Yt.

ri =
∑n−i

k=1 (Rk −
-
R)(Rk+i −

-
R)

∑n
k=1 (Rk −

-
R)

2 (3)
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Here, Ri represents the rank of yi, R is the mean value of the rank.
The variance (var*(S)) of the trend statistic S of the autocorrelation series is computed

using the autocorrelation coefficient ri.

η = 1 +
2

n(n − 1)(n − 2)
×

n−1

∑
i=1

(n − i)(n − i − 1)(n − i − 2)ri (4)

var∗(S) = η × n(n − 1)(2n + 5)
18

(5)

The IGT statistic S is evaluated as greater than zero, equal to zero, or less than zero
according to the following conditions:

Z∗ =


S−1√
var∗(S)

S > 0

0 S = 0
S+1√
var∗(S)

S < 0
(6)

In this paper, the IGT method was employed to test the gridding trend of the VHI,
thus revealing the dynamic change characteristics of drought within NCP. If Z ≥ 1.96, then
the VHI sequence exhibited a significant increasing trend (p < 0.05). If 0 < Z < 1.96, then the
VHI sequence demonstrated no significant increasing trend (p > 0.05). When −1.96 < Z < 0,
the VHI sequence indicated no significant decreasing trend (p > 0.05). Finally, if Z ≤ −1.96,
then the VHI sequence displayed a significant decreasing trend (p < 0.05).

2.3.3. Cumulative Climate Factors

To represent the cumulative effect of climate factors, the cumulative values of air
temperature (AT), precipitation (P), evapotranspiration (ET), specific humidity (SH), soil
moisture (SM), and soil temperature (ST) were calculated. These cumulative climate factors
encompass the sum of the difference between each climate factor and its base value over
the cumulative period [31]. The cumulative period duration is determined as the assumed
lag time relative to drought caused by cumulative climate factors. The calculation method
is as follows:

CC(m,i) =
k=i

∑
k=0

(CCm−k − CCbase) (0 ≤ i ≤ n) (7)

Here, m represents the month sequence from January 1982 to December 2020, k is the
time interval of the current month, i denotes the assumed cumulative time lag (CLT), n
signifies the maximum CLT (defined as 3), and CC refers to the climate factor from January
1982 to December 2020. If a climate factor’s value falls below the base value, then its
cumulative value remains unchanged.

2.3.4. Correlation Analysis

In this paper, a correlation analysis based on grid scale was conducted to examine the
correlation between the VHI and cumulative climate factors within NCP [40]. The month
corresponding to the maximum correlation coefficient (r) was considered the optimal lag
time of cumulative climate factors relative to the VHI. The calculation method is as follows:

Rxy =

i=n
∑

i=1
[(xi − x)× (yi − y)]√

∑i=n
i=1 (xi − x)2 −∑i=n

i=1 (yi − y)2
(8)

Here, Rxy represents the r between variables x and y, xi and yi signify the cumulative
climate factor or the VHI for the corresponding month, n denotes the sample size, and x
and y represent the average of variables x and y, respectively.
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2.3.5. Standardized Multiple Linear Regression

To assess the impact of various independent variables on the dependent variable, the
standardized regression coefficient can be utilized to evaluate the contribution of each
variable to the dependent variable [41]. Standardizing the data eliminates discrepancies in
dimension and magnitude and can facilitate the comparison of different variables. Hence,
the study utilized the standardized multiple regression method at the grid scale to assess
the contribution rate (CR) of cumulative climate factors to drought occurrences. The specific
methods are as follows:

The independent variables (cumulative climate-driven subset) and dependent variable
(VHI) are normalized:

Zij =
(
xij − xi

)
/si (9)

Here, Zij represents the standardized variable value, xij is the original variable value,
xi is the expected value of the variable, and si is the standard deviation of the variable.

A multiple linear regression equation for the standardized independent variables and
dependent variable is constructed:

ZVHI = β jzj + B + ε (10)

Here, ZVHI denotes the standardized VHI index, zj represents the standardized inde-
pendent variable (each cumulative climate factor), βj signifies the regression coefficient
corresponding to each variable, B represents the constant term, and ε represents the residual
term.

The CR of each driving factor to VHI is calcluated:

Cj =
∣∣β j
∣∣/(∑∣∣β j

∣∣) × 100% (11)

Here, Cj represents the CR of cumulative climate factors, expressed as a percentage. A
higher CR indicates a greater driving effect of the cumulative climate factor on drought.

The methodology flow chart in this study is shown in Figure 2.
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3. Results
3.1. Spatiotemporal Variation Characteristics of Drought and Climate Factors

Figure 3 shows the trend characteristics of the VHI series in BJ, TJ, SD, HN, HB, and
NCP based on PSMD. It can be seen that the original series after PSMD is composed of
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3–4 IMF trend components and a trend item R. From 1982 to 2020, the linear tendency rates
of the VHI in BJ, TJ, SD, HN, HB, and NCP were 0.025/10a (p < 0.01), 0.015/10a (p < 0.01),
0.015/10a (p = 0.031), 0.032/10a (p < 0.01), 0.027/10a (p < 0.01), and 0.025/10a (p < 0.01),
respectively, indicating that the overall drought in each sub-region and NCP showed a
slowdown trend during the whole study period. The average value of the VHI in BJ, TJ,
SD, HN, HB, and NCP during the whole study period was 0.55, 0.52, 0.55, 0.56, 0.56, and
0.55, respectively, and the minimum value of the VHI appeared in 1986 (0.43), 1986 (0.39),
1989 (0.41), 1989 (0.39), 1989 (0.42), and 1989 (0.39), respectively. The maximum value of the
VHI in BJ, TJ, SD, HN, HB, and NCP appeared in 2005, 2004, 2005, 2005, 2004, and 2004,
respectively, and its value was 0.66, 0.62, 0.64, 0.64, 0.66, and 0.64. Obviously, the most
severe drought years in NCP during the whole study period were 1986 and 1989, and the
least severe drought years were 2004 and 2005. The variance CRs of IMF1, IMF2, IMF3,
and R in NCP were 44.81%, 10.81%, 1.45%, and 42.93%, respectively. Thus, IMF1 and trend
term R can explain 44.81% and 42.93% of the VHI changes, respectively. In addition, we
used fast Fourier transform to calculate the average period of each component, and it can
be concluded that the average periods of IMF1, IMF2, IMF3, and R in NCP were 3.6 years,
6.5 years, 13.4 years, and 39.2 years, respectively. The VHI had the periodic characteristics
of 3.6 years and 6.5 years on an inter-annual scale, and 13.4 years and 39.2 years on an
inter-decadal scale.
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Figure 3. PSMD of VHI sequence in (a) BJ, (b) TJ, (c) SD, (d) HN, (e) HB, and (f) NCP.

Similarly, the time series of climate factors were decomposed by PSMD to reveal
the changes of climate factors in NCP from 1982 to 2020, as shown in Figure 4. During
the research period, AT, P, SM, ET, SH, and ST all showed an increasing trend, with
linear tendency rates of 0.24 ◦C/10a, 23.27 mm/10a, 0.004 m3·m−3/10a, 14.77 mm/10a,
0.12 g·kg−1/10a, and 0.17 ◦C/10a, respectively. The trend term R obtained from PSMD
showed good consistency with the changes in the original climate factor sequence, which
can reflect the dynamic changes of climate factors. Overall, climate factors showed an
upward trend that aligned with the changing pattern of drought.
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Figure 5 shows the statistical Zs value and significance level p-value of the VHI in NCP
based on the IGT method. Overall, the drought occurrences in NCP exhibited a decreasing
trend during the whole study period. The average Zs of the VHI’s gridding trend feature
was 1.87, and the area percentage showing a reduction trend was 75.55%. During the whole
study period, drought in some regions of NCP showed significant changes, and the area of
drought showing significant changes (p < 0.05) accounted for 67.22% of the total area. The
percentage of areas showing significant reduction and significant aggravation were 55.60%
and 11.62%, respectively. It can be seen that the IGT-based drought gridded trend in NCP
showed a certain spatial heterogeneity.
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Figure 6 shows the statistical Zs value of each climate factor in NCP based on the IGT
method. The average Zs values of AT, P, ET, SH, SM, and ST were 2.49, 1.39, 1.58, 2.16, 2.01,
and 1.96, respectively. Therefore, the overall climate factors in NCP showed an upward
trend, which was consistent with the PSMD results. Similarly, various climate factors also
exhibited certain spatial heterogeneity. The percentage of areas with significant increases
in AT, P, ET, SH, SM, and ST were 84.65%, 25.02%, 33.99%, 52.64%, 53.10%, and 45.47%,
respectively. It is worth noting that among the various climate factors, only P (4.80%), ET
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(5.21%), and SM (4.47%) showed a certain downward trend, and their proportions were
very small.
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3.2. Correlation Analysis between Drought and Climate Factors at Different Cumulative Scales

Figure 7 shows the correlations between climate factors and the VHI without the
effects of time accumulation. The percentage of areas where AT, P, ET, SH, SM, and ST
inhibited the VHI were 17.24%, 8.00%, 8.01%, 13.00%, 5.82%, and 18.55%, respectively.
The percentage of areas where AT, P, ET, SH, SM, and ST promoted the VHI were 82.76%,
92.00%, 91.99%, 87.00%, 94.18%, and 81.45%, respectively. Overall, various climate factors
had varying degrees of promoting effects on the VHI, indicating that with the increase in
AT, P, ET, SH, SM, and ST, the VHI will show an upward trend and the degree of drought
will decrease.
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Figure 8 shows the r between the climate factors and VHI under the cumulative
influence of 1-, 2-, and 3-month periods in NCP. The percentage of areas where AT, P, ET,
SH, SM, and ST exerted promoting effects on the VHI under the cumulative influence of
the 1-month period was 80.78%, 90.61%, 90.15%, 86.09%, 93.16%, and 79.08%, respectively.
Under the cumulative influence of the 2-month period, the percentage of areas with AT,
P, ET, SH, SM, and ST exerting promoting effects on the VHI was 80.92%, 90.16%, 89.47%,
85.62%, 93.90%, and 77.32%, respectively. Similarly, under the cumulative influence of the
3-month period, the percentage of areas where AT, P, ET, SH, SM, and ST exerted promoting
effects on the VHI was 78.38%, 89.19%, 87.36%, 83.61%, 94.01%, and 73.38%, respectively. It
can be seen that all the climate factors showed positive correlations with the VHI as a whole,
although the cumulative time scales were different (1-month, 2-month, and 3-month). As
the climatic factors increased, the VHI showed a consistent upward trend. This finding was
in line with the results presented in Section 3.1 of the study. Additionally, SM exhibited
the strongest correlation with the VHI, with an average r of 0.320, 0.352, 0.367, and 0.380
under the cumulative influence of 0-, 1-, 2-, and 3-month periods, respectively. On the
other hand, ST showed the weakest correlation with the VHI, with an average r of 0.240,
0.232, 0.225, and 0.217 under the cumulative influence of 0-, 1-, 2-, and 3-month periods,
respectively. Specifically, in BJ, TJ, SD, HB, and HN, the average r between the SM and VHI
under different cumulative periods was 0.328, 0.370, 0.361, 0.286, and 0.340, respectively.
The average r between the ST and VHI under different cumulative periods was 0.223, 0.227,
0.203, 0.225, and 0.222, respectively. Moreover, it is worth noting that for certain climate
factors, such as SM, the r gradually increased with longer cumulative periods, indicating
that time accumulation may enhance the promoting effect of SM on the VHI to some extent.
However, for other climate factors, such as ST, changes in the length of cumulative time did
not result in a monotonic increase or decrease in the correlation coefficients. This showed
that the optimal CLT for the VHI was not the same for different climate factors.

3.3. Time Lag Analysis of Drought on Climate Factors

To investigate the response lag of drought relative to cumulative climate factors, based
on the correlation analysis between cumulative climate factors and the VHI within the
0–3 month period, the duration corresponding to the maximum r was selected as the
optimal lag time for drought with respect to cumulative climate factors, as illustrated in
Figures 9 and 10. The average optimal lag time of the VHI in response to AT in NCP was
1.67 months, with 43.98% of pixels exhibiting a 3-month CLT and 33.34% of pixels exhibiting
a 0-month CLT. The average optimal lag time of the VHI in response to P was 1.48 months,
with 36.25% of pixels exhibiting a 2-month CLT and 25.46% of pixels exhibiting a 0-month
CLT. The average optimal lag time of the VHI in response to ET was 1.94 months, with
48.47% of pixels exhibiting a 3-month CLT and 21.56% of pixels exhibiting a 0-month CLT.
The average optimal lag time of the VHI in response to SH was 1.69 months, with 39.54%
of pixels exhibiting a 3-month CLT and 28.52% of pixels exhibiting a 0-month CLT. The
average optimal lag time of the VHI in response to SM was 0.89 months, with 62.52%
of pixels exhibiting a 0-month CLT and 19.42% of pixels exhibiting a 3-month CLT. The
average optimal lag time of the VHI in response to ST was 1.81 months, with 49.28% of
pixels exhibiting a 3-month CLT and 29.71% of pixels exhibiting a 0-month CLT.

3.4. Driving Effect of Cumulative Climate Factors on Drought

The CR of driving effects of different climate factors (AT, P, ET, SH, SM, and ST) to
drought in NCP is shown in Figure 11. By using the standardized multiple linear regression
method, the average CT of climate factors to the VHI under the optimal CLT was 23.06%,
15.22%, 16.31%, 18.38%, 7.02%, and 20.01%, respectively. In conclusion, AT was the climate
factor with the highest average CR to VHI. The key cumulative climate factors of drought in
NCP are shown in Figure 12. Among them, the area percentages of AT, P, ET, SH, SM, and
ST were 31.90%, 10.29%, 12.98%, 19.92%, 0.61%, and 24.30%, respectively. On the whole, the
main driving factor of drought in NCP was AT, with the area percentage reaching 31.90%.
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Figure 8. The correlations between climate factors accumulated for 1, 2, and 3 months and VHI.
(a–f) denote climate factors accumulated for 1 month, (g–l) denote climate factors accumulated for
2 months, and (m–r) denote climate factors accumulated for 3 months.
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4. Discussion

In the context of global climate change, it is imperative to deepen our comprehension
of how diverse climate factors affect drought. Remote-sensing-based vegetation indices
offer a means to explore and assess these impacts. Among the commonly employed
satellite-based drought-monitoring indices, the VHI stands out for its ability to consider
local soil climate conditions, making it effective at monitoring plant drought [23,42–44].
In this study, we selected the VHI to characterize drought and analyzed the spatial and
temporal variation of both drought and climate factors in NCP using PSMD and the IGT
method. Our findings indicated a decreasing trend in drought occurrence in NCP from 1982
to 2020, which aligned with the results of Li et al. [45]. Additionally, Zhang et al. assessed
the changes in climate factors in typical locations within NCP, and the results revealed a
significant upward trend in average AT for the following year, while precipitation showed
no significant upward trend [46]. Moreover, the increase in AT may have led to an increase
in potential evaporation [47]. The research results presented in this paper support the
overall upward trend of climate factors in NCP, providing additional evidence to support
the previous research.

Furthermore, considering the cumulative effects of different time scales (0 months,
1 month, 2 months, and 3 months), we analyzed the correlations between climate factors
at different cumulative scales and drought. Ma et al. discovered that considering the
cumulative effects of time lag can enhance the explanatory power of climate factors on
vegetation growth, when studying the impact of climate and human activities on vegetation
cover changes [28]. Ding’s study also emphasized the significant temporal accumulation
effect of precipitation during the growing season in northern China [48]. The results of our
study indicated that over time, the r of P with the VHI increased gradually, highlighting the
significant temporal accumulation effect of P. Moreover, Ma et al. analyzed the time effects
of different climate factors (AT, solar radiation, and P) on NDVI in the Xinjiang region,
and the results showed that P dominated the accumulation of NDVI for 1–2 months [49].
In this article, we compared the cumulative effects of climate factors on VHI at different
scales (1 month, 2 months, and 3 months). Without considering cumulative time effects,
the area experiencing inhibitory effects on the VHI by climate factors showed the highest
percentage change at 7.86%, followed by 2 months with a percentage of 7.4%. This finding
maintained some consistency with the aforementioned research results.

In addition, we explored the optimal lag time for drought response to cumulative cli-
mate factors by selecting the duration corresponding to the maximum r between cumulative
climate factors and the VHI. Li et al. discovered a significant positive correlation between
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the VCI, TCI, rainfall condition index (RCI), and SM [50]. They established a multi-source,
remote sensing, drought-monitoring model based on SM, which demonstrated sufficient
accuracy as an agricultural drought-monitoring model. This paper discovered that the
optimal lag time of SM on drought was minimal (0.89 months) compared to other climate
factors. This observation partly explained the rationale behind the variable selection in the
model. Furthermore, it indicated spatial heterogeneity in the optimal lag time of climate
factors among different regions, with the lag effect of climate factors displaying some
spatial variation.

To identify the climate factors with the greatest impact on drought, we adopted
multiple linear regression to explore the driving effect of cumulative climate factors on
drought. Previous studies [51–53] have emphasized precipitation as the main driving
factor of drought in NCP. However, our study revealed that AT was the primary driving
factor of drought in NCP. This difference may arise from the fact that previous studies
have not considered the effect of climate factors, despite their significant cumulative
impact on vegetation growth [31]. Numerous studies [54–57] have shown that considering
the cumulative effect of time can enhance the explanatory power of climate factors on
vegetation health changes by 3.4% to 10.8%. Moreover, this cumulative effect varies among
different climate factors, potentially leading to variations in the main driving factors of
drought. Therefore, future research on the impact of climate factors on drought should
incorporate this cumulative effect using remote sensing indices.

This study has limitations and uncertainties. Firstly, remote sensing datasets are
susceptible to cloud cover and adverse weather conditions [58–60]. Although efforts have
been made to mitigate these effects through denoising and filtering, the uncertainty of
remote sensing data could still potentially impact the accuracy of the study. Moreover, we
only investigated the linear development pattern between climate factors and drought using
standardized multiple linear regression. It is worth noting that climate factors are inter-
related, and their relationships can be complex. Therefore, by neglecting the interference of
nonlinear factors in the process, some degree of error may be introduced. Additionally, this
research focuses on the response of vegetation to climate factors. However, human activities,
extreme weather events, and other non-climatic factors also have significant implications
for vegetation growth [61–63]. A comprehensive understanding of vegetation responses to
different types of disturbances would contribute to effective vegetation monitoring.

5. Conclusions

In this paper, the time lag and cumulative effects of climate factors on drought in
NCP from 1982 to 2020 were studied. The temporal and spatial variation characteristics
of drought and climate factors were revealed, and the correlation between climate factors
and drought on different cumulative scales were explored. On the basis of the correlation
analysis, the optimal lag time of drought for climate factors was determined, and the main
driving factors of drought in NCP were identified. Based on the obtained results, several
key conclusions can be drawn, which are summarized as follows:

(1) During 1982 to 2020, the drought in each sub-region and NCP showed a decreas-
ing trend, and the climate factors showed an upward trend. The most serious drought
in all sub-regions and NCP was concentrated in 1986 and 1989. Meanwhile, based on
the IGT method, it was found that both drought and climate factors exhibited certain
spatial heterogeneity.

(2) With the increase in AT, P, ET, SH, SM, and ST, the VHI showed an upward trend.
Additionally, SM showed the strongest correlation with the VHI, and ST showed the
weakest correlation with the VHI. Overall, the VHI responded differently to climate factors
under various cumulative time periods.

(3) The optimal lag time for each climate factor was 1.67 months, 1.48 months, 1.95 months,
1.69 months, 0.89 months, and 1.81 months in NCP, TJ, SD, HN, and HB, respectively.

(4) The main driving factor of drought was AT in NCP, with an area percentage
of 31.90%.
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