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Abstract: The El Niño-Southern Oscillation (ENSO) 
is a complex ocean-atmosphere interaction 
phenomenon that drives extreme weather events 
globally, with water vapor playing a crucial role in its 
evolution. Recently, Global Navigation Satellite 
Systems (GNSSs) have emerged as an effective tool 
for retrieving water vapor with high accuracy, high 
spatial and temporal resolution, and all-weather 
capability. However, GNSS-derived precipitable 
water vapor (PWV) has not been well researched for 
its potential in the study of ENSO, particularly 
regarding their lead-lag relationships. This study 
investigates the spatiotemporal response relationship 
between PWV variations and the Oceanic Niño Index 
(ONI) using 12 years of coastal GNSS-derived PWV 
data. Multichannel singular spectrum analysis 
(MSSA) was employed to extract nonlinear trends of 
PWV anomalies, followed by Pearson correlation and 
lead-lag correlation analyses with ONI. The results 
reveal a moderate negative correlation in the western 
Pacific and positive correlations in the eastern Pacific 
and western Indian Ocean. Notably, stations closer to 
the Niño 3.4 region exhibited stronger correlations. 
Moreover, more than half of the stations showed 
absolute correlation coefficients exceeding 0.4 at 
optimal lag times, indicating that ENSO exerts a 
lagged influence on PWV at most stations. A case 
study at the COCO station near Indonesia (2015–
2017) demonstrated that PWV and precipitation 

anomalies lagged ONI by approximately 8 months, 
consistent with the severe drought in 2015 and 
flooding in 2016. These findings suggest that 
GNSS-derived PWV serves as a valuable indicator 
for monitoring ENSO dynamics and could enhance 
early warning systems for ENSO-related drought and 
flood risks. 

Keywords: GNSS-derived PWV; El Niño-Southern 
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1 Introduction 

The El Niño-Southern Oscillation (ENSO), 
driven by coupled ocean-atmosphere interactions, is a 
dominant mode of interannual climate variability, 
significantly influencing regional and global 
hydrometeorological patterns. ENSO events often 
lead to extreme weather phenomena, such as severe 
droughts and catastrophic floods, with substantial 
socio-economic and ecological consequences. Under 
the impact of global warming, both the frequency and 
intensity of ENSO events are expected to rise. For 
instance, Cai et al. predicted a twofold increase in 
extreme ENSO occurrences under future warming 
scenarios, highlighting the urgent need for systematic 
ENSO warning frameworks to better predict and 
manage associated risks [1]. However, a complete 
understanding of ENSO evolution and the accurate 

Editor-In-Charge: Dr.-Ing. Kaifei He 



19 
Vol. 21, Issue 1, 2025                                                Journal of Global Positioning Systems 
 

prediction of its onset and impacts remain key 
challenges in climate science. 

ENSO events are strongly influenced by their 
intensity, seasonal development timing, and 
interactions with other large-scale climate modes. For 
instance, during El Niño events, sea surface 
temperatures (SSTs) intensify ocean-atmosphere heat 
exchange and lead to increased evaporation rates and 
atmospheric water vapor content. The increased 
atmospheric water vapor, in turn, further amplifies 
SSTs, thereby reinforcing ENSO intensity. 
Consequently, predicting ENSO occurrence and 
impacts based solely on SST anomalies remains a 
persistent challenge. Additionally, ENSO signal 
strength is not always consistent with the magnitude 
of its hydrometeorological effects, such as total 
precipitation [2]. Therefore, integrating key 
atmospheric variables, particularly moisture transport 
and distribution metrics, is vital to advance the 
understanding and local-scale predictability of 
ENSO-induced impacts. 

Precipitable water vapor (PWV) is one of the 
most dynamic components of the atmosphere, 
characterized by complex spatial distributions and 
rapid temporal variability. As PWV transport plays a 
critical role in the formation, evolution, and intensity 
of weather systems and is closely linked to extreme 
weather events [3], it serves as a key parameter in 
global climate change studies. Numerous studies 
have established relationships between climate 
change, PWV variations, and temperature (T) [4–6]. 
For example, Sun et al. demonstrated strong 
interannual correlations between tropical PWV and 
temperature variations, underscoring the significance 
of PWV in climate research [7]. Ground-based 
Global Navigation Satellite Systems (GNSSs) have 
become a leading technique for PWV monitoring, 
providing high accuracy, fine spatiotemporal 
resolution, cost-effectiveness, and all-weather 
reliability [3]. These advantages have made 
GNSS-derived PWV data invaluable for climate 
studies. Research by Wang et al. demonstrated that 
ENSO significantly influences GNSS-derived PWV 
variability, with a 1 K increase in SST corresponding 

to an 11% rise in PWV [4]. Similarly, Baidysz et al. 
observed distinct correlations between GNSS PWV 
anomalies and ENSO events, although these 
relationships exhibited regional and temporal 
variability [8]. Wang et al. used fast Fourier 
transform and wavelet transform methods to reveal 
the periodic variations in ZTD associated with ENSO 
[9]. To better quantify these connections, Zhao et al. 
developed an ENSO monitoring index based on 
GNSS PWV and temperature data [10]. However, 
this index did not account for the lag relationship 
between PWV and ENSO. Although these studies 
have provided valuable insights into PWV time series 
variations associated with ENSO, research on their 
lead-lag relationship and the prediction of droughts 
and floods influenced by ENSO remains limited. 
Therefore, this study aims to explore the lead-lag 
interactions between PWV and ENSO. By examining 
whether ENSO events precede or follow shifts in 
PWV time series, this research will enhance our 
understanding of their complex interactions. This will 
not only reveal the underlying impact patterns but 
also lay a foundation for improving ENSO prediction 
and better anticipating related extreme weather 
events. 

In this study, PWV time series derived from 16 
near-coastal International GNSS Service (IGS) 
stations between 2008 and 2019 were analyzed. The 
nonlinear trends of PWV anomalies were extracted 
using multichannel singular spectrum analysis 
(MSSA). The correlations and lead-lag relationships 
between the nonlinear trends of PWV and ENSO 
indices, such as the Oceanic Niño Index (ONI), were 
then analyzed. Additionally, the influence of ENSO 
events, specifically droughts and floods, on PWV 
variations at selected stations was investigated. 

2 Datasets 

2.1 GNSS-derived PWV 

In this study, GNSS-derived ZTD data were 
obtained from the zenith path delay (ZPD) products 
provided by the IGS. As a global network comprising 
GNSS ground stations, data centers, and analysis 
centers, IGS delivers essential data and derived 



20 
Vol. 21, Issue 1, 2025                                                Journal of Global Positioning Systems 
 

products for Earth science research. The IGS ZPD 
products utilized in this work were generated by 
multiple analysis centers employing precise 
positioning techniques, featuring consistent 
formatting and high temporal resolution. Moreover, 
these products adhere to the unified IGS coordinate 
framework and stringent data quality standards, 

making them a reliable data source for high-precision 
water vapor estimation and spatiotemporal variation 
analysis. Figure 1 shows the spatial distribution of the 
16 selected global GNSS stations (red triangles) and 
the two radiosonde stations (yellow pentagrams) used 
to validate the GNSS-derived PWV. 

 

Figure 1. Spatial distribution of 16 GNSS stations (red triangles), 2 radiosonde stations (yellow 
pentagrams) across the globe. 

Due to receiver malfunctions and/or poor 
observation conditions, missing data and outliers in 
ZTD time series are inevitable. Therefore, stations 
meeting the following criteria were selected: (1) a 
missing data rate <5%, (2) proximity to the sea 
(continental coasts or islands), and (3) a data gap 
period of less than one year. Based on these criteria, a 
total of 16 global IGS sites with valid data spanning 
the 12-year period from 2008 to 2019 were included 
in the study. To maintain a stable long-term time 
series for analysis, missing ZTD values were 
interpolated using the singular spectrum analysis for 
missing data (SSAM), while outliers were identified 
using the SSAM-IQR method (Interquartile Range) 
proposed by Wang et al. [11]. 

The conversion from ZTD to PWV can be 
achieved using the following formula: 

𝑃𝑊𝑉 = Π ∙ 𝑍𝑊𝐷 = Π ∙ (𝑍𝑇𝐷 − 𝑍𝐻𝐷)     (1)  

where ZTD is the zenith total delay value, ZHD is the 
zenith hydrostatic delay value, ZWD is the zenith wet 
delay value, and П is a conversion factor. 

𝑍𝐻𝐷 =
0.002277 ∙ 𝑃

1 − 0.00266 ∙ cos(2𝜑) − 0.00028 ∙ 𝐻
  (2)  

where 𝑃 refers to the surface pressure (in hPa), 𝜑 
and H are the latitude and geodetic height in radians 
and kilometers, respectively. 

𝛱 =
106

𝜌𝑤 ∙ 𝑅𝑣 �
𝑘3
𝑇𝑚

+ 𝑘2′ �
                (3)  

where 𝜌𝑤  is the water vapor density, 𝑅𝑣  is the 
water vapor ratio constant with a value of 461.49 𝐽 ∙
𝐾𝑔−1 ∙ 𝐾−1, 𝑘2′  and 𝑘3 are constants with values of 
(22.1 ± 2.2) 𝐾 ∙ 𝑚𝑏−1 and (3.739 ± 0.0012) ∙
105 𝐾2 ∙ 𝑚𝑏−1 , respectively [12]. 𝑇𝑚  is the 
atmospheric weighted average temperature that is 
derived from the ERA5 temperature and humidity 
profiles, estimated as follows: 
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𝑇𝑚 =
∫𝑃𝑣𝑇 𝑑𝑧

∫ 𝑃𝑣𝑇2 𝑑𝑧
≈
∑ 𝑃𝑣𝑖

𝑇𝑖
𝑁
𝑖=1 ∆𝑍𝑖

∑ 𝑃𝑣𝑖
𝑇𝑖2

𝑁
𝑖=1 ∆𝑍𝑖

                (4)  

where 𝑃𝑣 is the partial pressure (in hPa) of water 
vapor, T is the atmospheric temperature (in K), and i 
is the i-th pressure level. 𝑃𝑣 can be calculated from 

𝑃𝑠𝑖 = 6.11 ∙ 10�
7.5∙𝑡𝑖

237.3+𝑡𝑖
�            (5)  

𝑃𝑣𝑖 =
𝑟ℎ𝑖 ∙ 𝑃𝑠𝑖

100
                               (6)  

where 𝑃𝑠  is the saturated vapor pressure, rh is 
relative humidity, and t is atmospheric temperature 
(in ℃). 
 

 

Figure 2. Comparison between radiosonde-derived PWV (91212 station) and GNSS-derived PWV 
(GUAM station). 

To ensure the reliability and validity of the 
subsequent analyses, radiosonde data from the 
University of Wyoming Atmospheric Science 
Radiosonde Archive were employed to validate the 
accuracy of the GNSS-derived PWV. Specifically, 
radiosonde stations within 50 km horizontally and 
with an elevation difference of less than 200 m from 
the GNSS stations were selected as co-located 
validation sites [13]. These included stations 04018 
and 91212. Reference PWV values were derived 
from integrated atmospheric profiles [14], achieving 
an accuracy better than 3 mm for GNSS-derived 
PWV, which meets operational standards for 
meteorological applications [4]. Figure 2 shows the 
comparison between radiosonde-derived PWV 
(91212 station) and GNSS-derived PWV (GUAM 
station). The data points for 2012–2014 appear 
sparser due to missing radiosonde-derived PWV 
observations at the 91212 station. 

2.2 ERA5-provided SST, ZHD and Tm 

ERA5, the fifth-generation ECMWF 
atmospheric reanalysis dataset, provides global 
climate data from January 1940 to the present. 
Specifically, it offers high-resolution coverage with a 
31 km grid and 137 vertical levels, extending from 
the surface up to 80 km altitude. This dataset is 
generated by integrating observations with 
atmospheric models and data assimilation systems 
[15]. Therefore, the dataset is widely used in climate 
change studies [16] and short-term weather 
forecasting [17]. 

In this study, the ERA5 datasets gridded to a 2.5° 
× 2.5° resolution over a 12-year period were utilized. 
For SST, the ERA5 hourly data on single levels 
(1940–present) are employed, and subsequently 
interpolated to GNSS station locations using the 
inverse distance weighting (IDW) method. 
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Meanwhile, ZHD is calculated using the surface 
pressure, as described in Equation (2). However, due 
to the lack of pressure observations at the stations, 
ERA5 pressure values from the hourly data on 
pressure levels (1940–present) are used instead. 
Furthermore, the saturated vapor pressure, relative 
humidity, and atmospheric temperature required for 
calculating 𝑇𝑚  are obtained from the ERA5 
pressure-level product. 

2.3 ONI and precipitation 

To thoroughly investigate the relationship 
between variations of PWV and ENSO events, it is 
crucial to utilize climate indices that can precisely 
reflect both the strength and progression of ENSO 
phenomena. One of the most extensively used and 
authoritative indices for this purpose is the ONI. 
Specifically, ONI is obtained by the Climate 
Prediction Center (CPC) of the National Oceanic and 
Atmospheric Administration (NOAA) through 
continuous monitoring and statistical analysis of the 
SST anomalies in the east-central tropical Pacific. 
This area is known as the Niño 3.4 region (5°N–5°S, 
120°W–170°W). According to the NOAA 
operational definition, an El Niño event is identified 
when the ONI remains at or above +0.5°C for five 
consecutive overlapping 3-month periods. 
Conversely, a La Niña event occurs when ONI values 
stay at or below –0.5°C for the same duration. When 
ONI values fluctuate between –0.5°C and +0.5°C, the 
conditions are generally considered ENSO-neutral 
[18]. Therefore, analyzing the relationship between 
the PWV and ONI time series can help reveal the 
influence of ENSO on atmospheric water vapor. 

For other GNSS stations where in situ 
meteorological data on total precipitation were 
unavailable, monthly precipitation estimates from 
Version 2.3 of the Global Precipitation Climatology 
Project (GPCP) [19], a widely recognized global 
dataset, were utilized. The GPCP monthly 
precipitation data, provided on a 2.5°×2.5° grid, were 
interpolated to each GNSS station location using the 
IDW method. 

3 Methodology 

3.1 Multichannel singular spectrum analysis 

Short-term extreme weather events—including 
typhoons, heavy rainfall, and flash droughts—can 
disrupt PWV time series. To mitigate their influence 
and more accurately isolate the impact of ENSO on 
PWV, MSSA was employed to extract the nonlinear 
trend from the PWV time series. MSSA is a 
non-parametric, data-adaptive method for time series 
decomposition and signal extraction, effectively 
separating a series into trend, oscillatory components 
(e.g., seasonal or quasi-periodic signals), and noise 
without requiring a priori assumptions about 
underlying physical processes [20]. This makes it 
particularly well-suited for analyzing complex 
atmospheric variables like PWV, which are often 
influenced by overlapping signals and noise. 

Given that the ONI is derived from monthly sea 
surface temperature (SST) anomalies, its temporal 
resolution corresponds to monthly scales. To 
maintain consistency, monthly PWV averages were 
first computed over the 12-year study period, 
and PWV anomalies were derived by subtracting the 
corresponding monthly means. The baseline was 
defined as the mean PWV value for each 
corresponding month over the 12-year study period. 
For example, the baseline for January was calculated 
as the mean PWV of all January values within the 
study period. MSSA was then applied to the PWV 
anomaly series (window length = 12), and the first 
eight eigencomponents were reconstructed and 
combined to obtain the dominant nonlinear trend. 
This reconstructed trend was then correlated with the 
ONI time series using Pearson and lead–lag 
correlation analyses. 

3.2 Pearson correlation analysis 

The relationship between GNSS-derived PWV 
time series and the ONI is examined using Pearson 
correlation analysis. This is a widely used statistical 
method for quantifying linear associations between 
continuous variables. The Pearson correlation 
coefficient, which ranges from –1 to +1, quantifies 
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both the strength and direction of the relationship 
between two variables. Positive values indicate a 
direct correlation, whereas negative values signify an 
inverse correlation. The closer the coefficient is to ±1, 
the stronger the association between the variables 
[21]. This analysis provides a preliminary assessment 
of the statistical linkage between PWV fluctuations 
and ENSO intensity, offering insights into how 
ENSO influences GNSS-derived PWV variability. 

3.3 Lead-lag correlation analysis 

Lead-lag correlation analysis was conducted to 
explore the temporal dependency between PWV and 
ONI. Lead-lag correlation is a statistical technique 
used to determine whether variations in one time 
series precede (lead) or follow (lag) those in another 
[22]. In this study, the nonlinear GNSS-derived PWV 
time series and ONI values were compared over a 
range of time lags, typically from several months 
before to several months after ENSO peaks, in order 
to capture the full dynamic interaction. By shifting 
the ONI time series backward and forward relative to 
the PWV series and computing Pearson correlation 
coefficients at each lag step, this method revealed the 
time delay or advance at which the association 
between the two variables is strongest. Positive lags 
indicate that changes in ONI precede changes in 
PWV, while negative lags suggest that PWV 
responds prior to ENSO signals. This enables the 
responses of atmospheric water vapor on ENSO 
events. 

4 Results and discussion 

To analyze the variation of GNSS-derived PWV 
under the influence of ENSO, the correlation between 
the ONI time series and the nonlinear trend of PWV 
anomalies was calculated. Figure 3 presents the 
correlation coefficients between the ONI time series 
and the nonlinear trends of PWV anomalies at GNSS 
stations.  

The results reveal a moderate negative 
correlation in the western Pacific region, particularly 
at GUAM and MAC1, indicating that PWV tends to 
decrease during El Niño events (when ONI increases), 
potentially elevating drought risks in this region. In 
contrast, a moderate positive correlation is observed 
in the eastern Pacific, notably at stations KOKB, 
MKEA, and THTI, with THTI showing the strongest 
correlation (0.60). This is likely because THTI is 
geographically closest to the Niño 3.4 region, where 
the ONI index is calculated. These findings suggest 
that PWV in the eastern Pacific tends to increase 
during El Niño periods, potentially resulting in 
enhanced precipitation. In the Indian Ocean region, 
stations such as DGAR, REUN, and KERG exhibit a 
positive correlation between the PWV anomalies 
trend and the ONI time series. This indicates that 
PWV increases during El Niño and decreases during 
La Niña, which is consistent with the conclusions of 
[23].  
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Figure 3. Spatial distribution of the correlation coefficients between ONI time series and nonlinear 
trend of PWV anomalies at GNSS stations. 

Additionally, MAS1, located in the eastern 
Atlantic near North Africa, and BRMU, situated in 
the Bermuda region, both show positive correlations. 
Conversely, CRO1, located in the Caribbean, shows a 
negative correlation. This divergence may be partly 
explained by distinct large-scale teleconnection 
pathways influencing each region. Specifically, the 
Caribbean may be more directly affected by 
enhanced cold air advection and subsidence 
associated with La Niña, which could lead to cooler 
and drier conditions. In contrast, Bermuda, positioned 
at a higher latitude, appears to be influenced by the 

Pacific-North American (PNA) pattern and related 
Atlantic teleconnections that tend to intensify during 
El Niño events. These circulation anomalies may 
promote warm and moist air advection from lower 
latitudes, thereby contributing to the positive 
PWV-ONI correlations observed at BRMU [24–26]. 
Finally, stations such as NYA1, REYK, and HOFN 
show weak correlations, likely due to their 
high-latitude positions (above 60°N) and substantial 
distance from the ENSO source regions, which 
reduces their sensitivity to ENSO-related atmospheric 
signals. 

Table 1. The best lags and the correlation coefficients at that lag for the relationship between ONI time 
series and the nonlinear trend of PWV anomalies at GNSS stations. 

Station name 
Best lag 
(months) 

Correlation 
coefficient 

Station name 
Best lag 
(months) 

Correlation 
coefficient 

BRMU 11 0.48 MAC1 0 –0.09 
GUAM 4 –0.59 MKEA –8 0.29 
KERG 7 0.22 MAS1 –1 0.23 
KOKB –11 0.57 NYA1 3 –0.03 
COCO 8 0.68 PDEL –8 0.05 
CRO1 –5 –0.31 REYK 8 0.48 
DGAR 3 0.41 REUN –1 0.42 
HOFN 10 0.30 THTI 4 0.67 

 

To further investigate the response mechanism 
of PWV to ENSO, we computed the lagged and lead 
correlations between the ONI time series and the 
nonlinear trends of PWV anomalies. Figure 4 shows 
the spatial distribution of the best lag between ONI 
time series and the nonlinear trends of PWV 
anomalies at GNSS stations, while Table 1 lists the 
best lags and the corresponding correlation 
coefficients at those lags for each station. A negative 
best lag indicates that the PWV time series leads the 
ONI time series, suggesting that PWV could serve as 
a precursor signal for ENSO development. 
Conversely, a positive best lag suggests that PWV 
responds to ENSO with a delay.  

According to Table 1, nine stations (56.3%) 
exhibit absolute correlation coefficients greater than 

0.4 at their respective best lags, indicating a 
moderately strong ENSO-PWV relationship. At 
MAC1, no significant lag was found between the 
ONI time series and the nonlinear trend of PWV 
anomalies, suggesting that changes in PWV occur 
simultaneously with ENSO events. In contrast, at 
NYA1 and PDEL, the correlation coefficients at the 
best lags are close to zero and comparable to their 
Pearson correlation values, implying that their best 
lags are not meaningful in a physical sense. 

As illustrated in Figure 4, stations KOKB, 
MKEA, and REUN exhibit negative best lags, 
indicating that PWV changes precede ENSO signals 
at these locations. Specifically, the negative 
correlation observed at KOKB and MKEA may be 
related to the influence of the North Pacific 
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Subtropical Gyre (NPSG), a large-scale clockwise 
oceanic circulation system that transports water from 
the northeastern Pacific to the Hawaiian region. 
Depending on the velocity of this current system, the 
time required for relatively cool high-latitude waters 
to reach the subtropics varies. Slower transport 
allows more time for sea surface warming en route, 
potentially leading to higher PWV anomalies, while 
faster transport reduces this warming period, 
resulting in lower anomalies [8]. This interpretation 

should be regarded as a plausible hypothesis, with 
further validation using oceanic circulation data 
warranted in future work. 

These findings provide valuable insights into the 
spatiotemporal variability of PWV responses to 
ENSO, and help establish a more nuanced 
propagation mechanism model of ENSO-related 
atmospheric and oceanic interactions. 

 

 
Figure 4. Spatial distribution of the best lag between ONI time series and the nonlinear trend of 

PWV anomalies at GNSS stations. 

To provide a more intuitive demonstration of 
the above analysis results, a representative case 
was selected, and precipitation anomalies were 
incorporated as an additional variable for analysis. 
The precipitation anomalies were calculated as 
deviations from their respective monthly baselines, 
which were defined as the mean precipitation for 
each corresponding month over the 12-year study 
period (e.g., the January baseline corresponds to 
the average precipitation of all January values 
during the study period). Figure 5 illustrates the 
nonlinear trend of PWV anomalies, precipitation 
anomalies, and the ONI time series at the COCO 
station, located near Indonesia. The results reveal 
that PWV and precipitation anomalies exhibit 
highly synchronous variations, both reaching their 
lowest values in June 2015, followed by a steady 
increase, and peaking in April 2016. During this 
period, positive PWV values were observed from 

December 2015 to October 2016, whereas positive 
ONI values occurred from April 2015 to April 
2016, indicating a lag of approximately 8 months 
in PWV response relative to ONI. This finding is 
consistent with the results of the lead-lag 
correlation analysis discussed earlier. 

Furthermore, according to a report released by 
the National Institute of Aeronautics and Space of 
Indonesia, the country experienced its most severe 
drought in nearly two decades in 2015 [27]. In 
April 2016, Sumatra Island was hit by severe 
flooding and landslides [28]. These observations 
further support the notion that extreme positive or 
negative ONI values can trigger both drought and 
flood events. Therefore, this suggests that 
analyzing the lag relationship between PWV and 
the ONI time series can serve as a scientific basis 
for early warning of regional droughts and floods, 
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and contribute to a better understanding of the 
disaster response mechanisms of atmospheric 
water vapor under ENSO influences. 

5 Conclusions 

An in-depth understanding of water vapor 
variability is essential for studying various climate 
phenomena such as ENSO. However, current 
knowledge of PWV time series variations under 
ENSO influence remains limited, particularly 
regarding their lead-lag relationship. Over the past 
three decades, GNSS technology has enabled 
accurate PWV estimation, providing a valuable 
dataset for capturing highly dynamic atmospheric 
moisture variations. GNSS-derived PWV data 
from 16 coastal stations over a 12-year period were 
used to investigate the relationship between PWV 
and ONI—a widely used ENSO indicator. The 

MSSA method extracted the nonlinear trend of 
PWV anomalies, which was then analyzed using 
Pearson and lead-lag correlation techniques with 
respect to ONI. The results reveal moderate 
negative correlations in the western Pacific, 
moderate positive correlations in the eastern 
Pacific, and positive correlations in the western 
Indian Ocean. Stations closer to the Niño 3.4 
region (where ONI is defined) exhibit stronger 
correlations, while those farther away show weaker 
associations. Notably, more than half of the 
stations (9 out of 16) display absolute correlation 
coefficients exceeding 0.4 at their optimal lags, 
indicating a moderately strong ENSO-PWV 
relationship. Additionally, four stations exhibit 
PWV responses preceding ONI, potentially linked 
to statistical artifacts or other climatic factors. 

 
Figure 5. The nonlinear trend of PWV anomalies, ONI time series and precipitation anomalies 

at COCO during 2015−2017 

As a coupled ocean–atmosphere phenomenon, 
ENSO significantly influences atmospheric water 
vapor content, often triggering hydrometeorological 
extremes such as floods and droughts. Monitoring 
GNSS-derived PWV variations thus offers a 
promising approach for studying ENSO impacts. A 
case study using data from the COCO station near 

Indonesia (2015–2017) supports this conclusion: 
PWV and precipitation showed highly synchronized 
variability, both lagging ONI by approximately 8 
months, coinciding with observed droughts in 2015 
and floods/landslides in 2016. These findings suggest 
that ENSO events can substantially modulate the 
temporal evolution of PWV at specific stations. 
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Overall, this study underscores the utility of 
GNSS-derived PWV for improving our 
understanding of atmospheric water vapor responses 
to ENSO and highlights its potential for monitoring 
and anticipating ENSO-related hydrometeorological 
anomalies. 
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