CHAL

UNIVERSITY OF TECHNOLOGY

Divergent Responses of Multi-frequency Vegetation Optical Depth Products
to Climate Variations in China

Downloaded from: https://research.chalmers.se, 2026-03-01 15:48 UTC

Citation for the original published paper (version of record):

He, M., Yi, Y., Li, X. et al (2026). Divergent Responses of Multi-frequency Vegetation Optical
Depth Products to Climate Variations
in China. Journal of Remote Sensing United States, 6. http://dx.doi.org/10.34133/remotesensing.1028

N.B. When citing this work, cite the original published paper.

research.chalmers.se offers the possibility of retrieving research publications produced at Chalmers University of Technology. It
covers all kind of research output: articles, dissertations, conference papers, reports etc. since 2004. research.chalmers.se is
administrated and maintained by Chalmers Library

(article starts on next page)



'.) Check for updates

Journal of Remote Sensing
A SCIENCE PARTNER JOURNAL

RESEARCH ARTICLE

Divergent Responses of Multi-frequency
Vegetation Optical Depth Products to

Climate Variations in China

Mingzhu He'?, Yonghong Yi*", Xiaojun Li*, Jean-Pierre Wigneron®,
John S. Kimball®, Rolf Reichle®, Lei Fan’, and Hans W. Chen®

!Joint International Research Laboratory of Catastrophe Simulation and Systemic Risk Governance, Beijing
Normal University, Zhuhai 519087, China. 2School of National Safety and Emergency Management, Beijing
Normal University, Zhuhai 519807, China. *College of Surveying and Geo-Informatics, Tongji University,
Shanghai, China. “lINRAE, UMR1391 ISPA, Université de Bordeaux, F-33140 Villenave d’Ornon, France.
Numerical Terradynamic Simulation Group (NTSG), W.A. Franke College of Forestry and Conservation,
University of Montana, Missoula, MT, USA. ®Global Modeling and Assimilation Office, NASA Goddard Space
Flight Center, Greenbelt, MD, USA. ’Chongging Jinfo Mountain Karst Ecosystem National Observation and
Research Station, School of Geographical Sciences, Southwest University, Chongging, China. ®Department
of Space, Earth and Environment, Chalmers University of Technology, Gothenburg, Sweden.

Citation: He M, YiY, Li X, Wigneron J-P,
Kimball JS, ReichleR, FanL, Chen HW.
Divergent Responses of Multi-
frequency Vegetation Optical Depth
Products to Climate Variations in
China. J. Remote Sens. 2026;6:Article
1028. https://doi.org/10.34133/
remotesensing.1028

Submitted 17 February 2025
Revised 4 November 2025
Accepted 12 November 2025
Published 2 February 2026

Copyright © 2026 Mingzhu He et al.
Exclusive licensee Aerospace
Information Research Institute,
Chinese Academy of Sciences. No
claim to original U.S. Government
Works. Distributed under a Creative
Commons Attribution License
(CCBY 4.0).

*Address correspondence to: yonghong_yi@tongji.edu.cn

Vegetation optical depth (VOD) has been widely assessed for satellite monitoring of vegetation carbon
and water status under different environmental conditions. However, abilities of multi-frequency VODs to
reflect the integrated dynamics in vegetation status under changing climate are still underinvestigated,
especially in China, which has experienced substantial vegetation greening since 2000. To fill this gap, this
study examines 7 VOD products for their capabilities to detect vegetation status changes under climate
variations from 2012 to 2022 in China. We find divergent responses of multi-frequency VODs to climate
variations in China, and the retrieval frequency is the most important factor, followed by the underlying
retrieval algorithms. All 7 VOD products show stronger responses to water limitations (atmospheric and
soil water stress) than temperature across different plant functional types in China, suggesting high
potential of VOD to track vegetation water status changes. We also find that the capabilities of VODs to
represent vegetation responses to climate variations are affected by vegetation growth limitations, showing
consistent responses for ecosystems dominated by either temperature or water. Most importantly, we
find that VODs capture well the carry-over effects of climate on vegetation dynamics in China, with X- and
C-band VODs showing stronger abilities than L-band VODs, especially for ecosystems located in China’s
arid and semiarid regions. These findings address the divergent capabilities of multi-frequency VOD
products to capture the vegetation responses to climate variations across China, promoting ecological
applications of different VOD products in regional studies.
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Introduction

Vegetation optical depth (VOD) parameterizes the extinction of
microwave emissions by the vegetation canopy and has attracted
wide attention in recent years. Unlike optical-infrared remote
sensing-based vegetation indices, microwave-based VOD retriev-
als are sensitive to changes in vegetation water content and gener-
ally less affected by solar illumination and atmospheric effects,
and thus increasingly used for monitoring vegetation dynamics
associated with changes in aboveground biomass or water con-
tent [1-4].

Studies have shown that VOD products derived from differ-
ent frequencies and algorithms convey different information
in terms of vegetation carbon and water dynamics [5]. VOD
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retrieved from relatively high frequencies have been reported
to have good performance for representing vegetation canopy
changes. For example, 10.7 GHz (X-band) VOD constructed
from an established Land Parameter Data Record (LPDR) algo-
rithm using data from both the Advanced Microwave Scanning
Radiometer for EOS (AMSR-E) and Advanced Microwave
Scanning Radiometer 2 (AMSR2) showed potential for quan-
tifying the global impact of El Nifo-Southern Oscillation
events on vegetation health [6]. Moreover, AMSR-E/AMSR2
LPDR X-band VOD was sensitive to aboveground biomass
(AGB) variations in the contiguous USA [7] and drought-
driven tree mortality in California, USA [8].

VOD products from higher frequencies (i.e., X-band) are
found to be more sensitive to biomass dynamics from the upper


mailto:yonghong_yi@tongji.edu.cn
https://doi.org/10.34133/remotesensing.1028
https://doi.org/10.34133/remotesensing.1028
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
http://crossmark.crossref.org/dialog/?doi=10.34133%2Fremotesensing.1028&domain=pdf&date_stamp=2026-02-02

Journal of Remote Sensing

canopy and under low to moderate AGB than those derived
from lower frequencies, while approaching signal saturation
for deep canopy layers and dense AGB cover. In comparisons,
VODs retrieved from relatively low frequencies, such as L-band
(1.4 GHz), show advantages in capturing AGB variations from
a larger forest canopy volume [1,5,9-11]. For example, L-band
VOD has shown high potential to characterize the interannual
AGB dynamics at continental and global scales [12-15], and
may be suitable to produce global maps of annual live vegeta-
tion biomass [16]. However, high temporal correlations among
X-, C-, and L-band VODs may exist in ecosystems with low
biomass. Furthermore, VODs from multiple frequencies, such
as Ku-, X-, C-, and L-band, were applied to estimate gross pri-
mary production globally, providing additional information
about vegetation photosynthesis beyond optical data and aiding
carbon source and sink estimations across different ecosystems
[16-18].

Besides the ability to monitor terrestrial carbon dynamics,
VOD products from multiple frequencies also show high sensi-
tivity to vegetation water content changes. Ku-, X-, and C-band
VOD:s from the VODCA (Vegetation Optical Depth Climate
Archive; [19]) dataset, a merged global long-term VOD product
retrieved from multiple sensors, have been used to estimate leaf
moisture content globally, suggesting possible VOD applications
for assessing large-scale spatial and temporal changes in vegeta-
tion water status, drought conditions, and wildfire dynamics [2].
SMAP (Soil Moisture Active Passive) L-band VOD was success-
fully used as a plant water proxy to identify vegetation water
stress from surface drying and heating across diverse biomes in
Africa [20]. In particular, due to its close relationship with vegeta-
tion water content, VOD could be used to estimate plant stomatal
regulation strategies [21-23], and has been used to investigate
the water stress impacts on grassland productivity due to exces-
sive vapor pressure deficits (VPDs) [21].

The capability of VOD from different algorithms, frequen-
cies, and sensors to detect vegetation changes may vary spatially
and temporally across different plant functional types (PFTs).
A recent study by Konings et al. [24] reported that VOD may
vary differently from year to year for many PFTs, highlighting
the importance of clarifying the capability of VOD products
across different vegetation types. Global assessments of several
VOD products showed that the global relationships between
VOD and vegetation properties are complex and may differ
with land cover types [5,25], highlighting the necessity of
selecting the most suitable product for representing vegetation
dynamics at regional to global scales.

Although assessments of multiple VOD products have been
conducted globally or regionally, the VOD capability to capture
vegetation dynamics under climate variations for different eco-
systems in China is still unclear. China has experienced sub-
stantial greening since 2000 [26,27], mainly due to ecological
engineering programs to conserve and expand forests [28]. In
order to achieve the goals of carbon peaking in 2030 and carbon
neutrality in 2060, it is important to understand how vegetation
responds to climate variations and may act to reinforce or miti-
gate future climate change. As optical-infrared remote sensing-
based vegetation indices may be contaminated by various
atmospheric conditions (e.g. clouds), VOD has distinct advan-
tages for representing the integrated vegetation dynamics in
terms of both carbon and water content changes under a chang-
ing climate, raising the need for comprehensive evaluations of
different VOD products in China.
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In this study, we aim to evaluate the capability of multiple
VOD products from available satellite records involving different
microwave frequencies (X-, C-, and L-band), several sensors
(AMSR-E, AMSR2, SMAP, and Soil Moisture and Ocean Salinity
[SMOS]), and different retrieval algorithms to indicate the inte-
grated vegetation responses to climate variations in China from
2012 to 2022. The vegetation variations responding to air tem-
perature (Ta), atmospheric VPD, and soil moisture (SM) changes
are evaluated spatially and temporally during the study period.
The carry-over (or legacy) effects of climate variables on vegeta-
tion dynamics represented by the different VOD products across
different PFTs are discussed. Finally, the impacts of the different
retrieval algorithms and frequencies on VOD applications are
addressed to advance our understanding of VOD responses to
climate in China.

Materials and Methods

Study domain

In this study, we use a 1:1,000,000 digitized vegetation map to
depict vegetation distributions in China, which is provided by
the Environmental & Ecological Science Data Center for West
China, National Natural Science Foundation of China (https://
www.resdc.cn/data.aspx?DATAID=122). Seven major PFTs are
analyzed here, including temperate forests (TF), subtropical for-
ests (SF), temperate non-forests (TNF), alpine grassland (AG),
and cropland, which is separated into 3 classes according to
planting and harvesting habits: cropland with 1 or 2 harvests
per year (CRO1 and CRO2, respectively) and cropland with 3
harvests over 1 or 2 years (CRO3). TNF mainly includes temper-
ate grassland and shrubs, and is mostly distributed from the
northeast to northwest parts of China (Fig. 1) and is generally
limited by water availability (Fig. S1B). TNF accounts for about
26.9% of the total vegetated areas in China, and has the largest
coverage among all 7 examined PFTs. SF is mainly located in the
southern part of the study domain, and accounts for about 19.5%
of the total vegetated areas. AG covers about 19.3% of the study
domain, and is mainly distributed in the Qinghai-Tibetan Plateau
region. Cropland accounts for 24.0% of the total vegetated area
in China, with CRO1, CRO2, and CRO3 covering about 7.2%,
7.6%, and 9.2% of the total land area, respectively.

Data

In this study, we use freely available VOD products retrieved from
low (L-band) to high (X- and C-band) frequencies available from
AMSR-E/AMSR2, SMAP, and SMOS sensors from 2012 to 2022
(Table 1). Since SMAP was launched in 2015, SMAP-based VOD
products were examined over the period from 2015 to 2022.

The X-band VOD product from the AMSR Land Parameter
Data Record (LPDR-X) version 3 was derived from calibrated
AMSR-E and AMSR2 observations. Such VOD was generated
from an iterative multi-frequency brightness temperature retrieval
algorithm by inverting the frequency-based land-water micro-
wave emissivity slope index [29,30], where VOD was derived
simultaneously with surface temperature and fractional water
cover as a prerequisite for SM retrieval under ice-free conditions.
The algorithm incorporated a temporal smoothing filter (60 days)
to remove the high-frequency fluctuations [29].

This study used 3 VOD products derived from the Land
Parameter Retrieval Model (LPRM) using the AMSR2 record
[31,32], including Cl1-band (6.9 GHz; LPRM-C1), C2-band
(7.3 GHz; LPRM-C2), and X-band (10.7 GHz; LPRM-X). The
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Fig. 1. The spatial distributions of vegetation types in China adapted from a 1:1,000,000 digitized vegetation map (https://www.resdc.cn/data.aspx?DATAID=122). The major
vegetation types in China include temperate forests (TF), subtropical forests (SF), temperate non-forests (TNF), alpine grassland (AG), cropland of 1 harvest per year
(CRO1), cropland of 2 harvests per year (CR0O2), and cropland of 3 harvests over 1 or 2 years (CRO3).

Table 1. The characteristics of VOD products used in this study

VOD product Sensor Frequency Algorithm Resolution Time period Reference
LPDR-X AMSR-E, AMSR2 10.7 GHz LPDR Daily, 25 km 2012-2022 Du and Kimball [30]
LPRM-X AMSR2 10.7 GHz LPRM V5 Daily, 25 km 2012-2022 Owe et al.[32]
LPRM-C2 AMSR2 7.3 GHz LPRM V5 Daily, 25 km 2012-2022 Owe et al. [32]
LPRM-C1 AMSR2 6.9 GHz LPRM V5 Daily, 25 km 2012-2022 Owe et al.[32]
SMAP-DCA SMAP 14 GHz DCA Daily, 9 km 2015-2022 O'Neill et al. [34]
MCCA-SMAP SMAP 14 GHz MCCA Daily, 9 km 2015-2022 Peng et al. [38]
SMOSMAP-IB SMAP, SMOS 14 GHz SMOS-IC Daily, 36 km 2012-2022 Lietal.[36]
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LPRM algorithm is based on a forward radiative transfer model
to retrieve VOD and can be applied at any microwave frequency
[32]. Both horizontal and vertical polarization brightness tem-
perature are used without using any auxiliary data on vegeta-
tion properties to generate VOD product. Specifically, we used
the daily 25-km LPRM-C1, LPRM-C2, and LPRM-X VOD
products from 2012 to 2022.

Three L-band VOD products were also included in this
study, including the SMAP operational L3SM product based
on a dual-channel algorithm (SMAP-DCA; [33,34]), L-band
VOD derived from the multichannel collaborative algorithm
using SMAP brightness temperature (MCCA-SMAP; [3,35]),
and L-band VOD generated by fusing SMOS and SMAP data
(SMOSMAP-IB; [36]). The SMAP dual-channel algorithm used
brightness temperatures of both H and V polarization channels
through a nonlinear least-squares minimization process to
retrieve SMAP-DCA VOD at a 9-km spatial resolution [34].
MCCA-SMAP VOD was retrieved based on a self-constraint
relationship between land parameters and an analytical rela-
tionship between brightness temperature at different channels.
It is worth noting that the retrieval algorithms of MCCA-SMAP
and SMOSMAP do not depend on any auxiliary data on vegeta-
tion properties and can be applied to a variety of satellites [37].
Daily 9-km MCCA-SMAP L-band VOD products [38] from
2015 to 2022 were used here. SMOS and SMAP are the 2 L-band
radiometers currently in orbit, providing retrievals for SM and
VOD at relatively low frequencies. Fusing SMOS and SMAP
observations could potentially increase the number of observa-
tions used for VOD and SM retrievals. Thus, the SMOSMAP-IB
algorithm combined the SMOS brightness temperature at a
fixed incidence angle of 40° with the SMAP brightness tem-
perature by using a monthly linear rescaling to generate a
merged SMOS/SMAP brightness temperature data record;
VOD was then retrieved through a mono-angular retrieval
algorithm sharing a similar forward model with the SMOS-IC
products [36]. Daily 36-km SMOSMAP-IB VOD products from
2012 to 2022 were used in this study.

In addition, as SM and VOD from the same product are gener-
ated simultaneously, they may be highly correlated with each other.
Therefore, the ERA5-Land monthly SM dataset at the top soil layer
(0 to 7 cm) with a spatial resolution of ~0.1° was provided by the
European Centre for Medium-Range Weather Forecasts (ECMWF)
[39], and served as an independent SM reference to characterize
the impacts of soil water stress on vegetation. In comparison, the
surface SM retrievals corresponding to each VOD product, includ-
ing X-, C-, and L-band, were also included in this study to clarify
the impacts of different retrieval algorithms and frequencies on
VOD responses to SM. Meteorological data from the University of
East Anglia Climate Research Unit (CRU; [40]), including Ta, and
relative humidity (RH) at a spatial resolution of 0.5° and a monthly
time step, were used here to analyze VOD variations under different
climate conditions. VPD was then calculated using CRU-based Ta
and RH, serving as an indicator of atmospheric dryness. To com-
pare microwave-derived VOD with an optical, remote-sensing
based vegetation index, the 500-m, 16-day Moderate Resolution
Imaging Spectroradiometer (MODIS) Normalized Difference
Vegetation Index (NDVI) product (MOD12Q1; [41]) from 2012
to 2022 was included in the analysis.

Methods
This study focuses on VOD retrievals to represent vegetation
responses to climate variations in China during the 11-year
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period from 2012 to 2022, whereas SMAP-DCA and MCCA-
SMAP VOD products are investigated from 2015 to 2022 since
SMAP was launched in 2015. Here, we focus the analyses on
growing season, defined as April to September, when most
vegetation in China is active during this period. Additionally,
by focusing on the growing season, we also avoid potential
errors in VOD retrievals caused by frozen soil, which can com-
plicate the interpretation of the results [19]. All 7 VOD prod-
ucts and the ancillary data are averaged monthly and resampled
through the nearest-neighbor interpolation method to 25 km
over the study domain.

The anomaly of each VOD dataset relative to the monthly
climatology of 2012 to 2022 (2015 to 2022 for SMAP-DCA and
MCCA-SMAP VODs) is calculated to focus on the vegetation
dynamics. Similarly, the anomalies of Ta, VPD, and SM are also
computed to represent the climate variations in China during
the study period. The spatial and temporal Pearson correlation
coefficients between different VOD anomalies and climate vari-
ables are shown to identify the vegetation dynamics responding
to climate variations in China. The Pearson correlations are
estimated using the monthly data (a total of 66 months in
11 years, or 48 months in 8 years for SMAP-DCA and MCCA-
SMAP VODs) to account for both interannual and seasonal
vegetation dynamics under a varying climate. The results at
95% significance level (P < 0.05) are also grouped for each PFT
(Fig. 1) to disentangle the VOD variations across different veg-
etation types during the study period.

Based on the findings from a previous study indicating that
high SM persistence can last up to 40 days [42], we repeated
the analysis including a 1-month time lag to investigate the
potential carry-over effects of climate variables (Ta, VPD, and
SM) on VOD products. Specifically, we calculate the correla-
tions between VOD anomalies and the anomalies in the 3 cli-
mate variables using data from both the previous and current
months (a lag of 1 month) across different PFTs in China. For
example, VOD anomalies in May are correlated with SM anom-
alies in April and May (1-month carry-over). Such correlations
are then compared with the correlations calculated using anom-
alies from the same month to quantify the potential effects of
climate variables carrying over from the previous month on
the current month’s vegetation status.

Results

Spatial variation of VOD at different frequencies

across China

Generally, MODIS NDVI and all 7 VOD products show similar
spatial patterns in China during the study period, with smaller
values in the northwestern areas and larger values spanning from
the northeastern to southern areas of China (Fig. 2). According
to the land cover map (Fig. 1), TNF and AG typically have
smaller NDVIand VOD, while forests (TF and SF) and croplands
(CRO1, CRO2, and CRO3) show larger NDVI and VOD. Based
on the same retrieval algorithm and sensors, as well as their close
frequencies, the 3 LPRM-based VOD products share similar
spatial variations and magnitudes across the study domain (Fig.
2Cto E). Moreover, the spatial consistencies are found to be rela-
tively high between the 2 X-band VODs (r = 0.93, P < 0.05) and
the 2 C-band products (r = 0.98, P < 0.05). The 3 L-band VOD
products (Fig. 2F to H) exhibit relatively large disparities in their
spatial patterns for the same time period from 2015 to 2022
(r varies from 0.81 to 0.86, P < 0.05), indicating potential impacts
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Fig. 2. Spatial distributions of mean growing-season NDVI and VODs in China averaged from 2012 to 2022. Mean growing-season MODIS NDVI is shown in (A). Different VOD
products are shown, including VOD from AMSR-E/AMSR2 LPDR X-band (LPDR-X; B), AMSR2 LPRM X-band (LPRM-X; C), AMSR2 LPRM C2-band (LPRM-C2; D), AMSR2 LPRM
Cl-band (LPRM-C1; E), SMAP operational L-band DCA product (SMAP-DCA; F), MCCA-SMAP L-band (MCCA-SMAP; G) and SMOS/SMAP fused L-band VOD product (SMOSMAP-
IB; H). Note that SMAP-DCA and MCCA-SMAP VODs are averaged from 2015 to 2022.

He et al. 2026 | https://doi.org/10.34133/remotesensing.1028 5

920z ‘T Afeniged uo ABojouyda ] jo A1sieAlun siewey) e hioaousios' [ds//:sdny wouy papeojumoq


https://doi.org/10.34133/remotesensing.1028

Journal of Remote Sensing

of different retrieval algorithms on the L-band VOD products.
In summary, mean growing-season VOD values during the study
period across China mainly vary with different PFTs and retrieval
frequencies, with generally higher VOD values for forest ecosys-
tems and at higher frequencies.

Spatially divergent VOD responses to climate
variations in China

Here, we chose 3 climate variables, including Ta, VPD, and SM,
because they represent the fundamental heat and water supply
(atmosphere and soil) conditions for vegetation growth. The
relationships are calculated using all the monthly data in the
growing season to take both annual and seasonal variations into
consideration, for a total study period representing 66 months
for LPDR-X, LPRM-X, LPRM-C2, LPRM-C2, and SMOSMAP-1B
VODs, and 48 months for SMAP-DCA and MCCA-SMAP
VOD products.

VOD correlations with Ta

We find overall negative correlations between Ta and NDVI
anomalies in the arid and semiarid regions of China, especially
in eastern Inner Mongolia (Fig. 3A). The above phenomena are
also shown by LPDR-X (Fig. 3B), LPRM-X (Fig. 3C), LPRM-C2
(Fig. 3D), LPRM-CI (Fig. 3E), and SMOSMAP-IB VOD (Fig.
3H), indicating general reductions in both vegetation greenness
and canopy biomass under warmer conditions in those moisture-
limited regions. In contrast, vegetation tends to grow stronger
with increasing Ta in northeastern and northern China, indicated
by significant positive correlations between NDVI/VODs and Ta
anomalies (Fig. 3). It is worth noting that the correlations of
NDVI with Ta share similar spatial distributions to those of X-
and C-band VODs, contrasting with quite different patterns from
those of L-band VODs (Fig. 3).

However, apparent differences in the correlations of VOD
anomalies with Ta can be found from different VOD products.
In detail, LPDR-X and LPRM-X VODs show different responses
to varying Ta over most areas of southern China, indicated by
mostly nonsignificant correlations for LPDR-X (Fig. 3B) vs.
significantly negative correlations for LPRM-X (Fig. 3C). The 2
C-band VODs generally share synchronous variations with
varying Ta across the entire study domain. However, the 3
L-band VODs show obviously divergent responses to changing
Ta in northern China, where MCCA-SMAP VOD (Fig. 3G)
exhibits significant positive correlations, and SMOSMAP-IB
VOD (Fig. 3H) indicates significant negative correlations with
Ta anomalies during the study period. Such divergent responses
are mainly due to the different algorithms and different satellite
records used for VOD retrieval (details are shown in Methods).
Moreover, all 7 VODs show strong discrepancies in their
responses to Ta in southern China. The 2 X-band products
(LPDR-X and especially LPRM-X) show negative responses to
Ta (Fig. 3B and C), while opposite responses are found in the 2
C-band and 3 L-band VOD products (Fig. 3D to H). These
contrasting relationships suggest that important impacts con-
tributed by the underlying retrieval algorithms, frequencies, and
sensors in capturing the vegetation response to changing Ta.

VOD correlations with VPD

Unlike Ta, NDVI and the 7 VOD products exhibit quite differ-
ent responses to VPD changes over China during the study
period (Fig. 4). NDVI (Fig. 4A) and LPDR-X VOD (Fig. 4B)
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generally vary negatively with changing VPD, whereas LPDR-X
VOD shows more significant negative correlations with VPD
over more regions in China than NDVT does. The other X-band
VOD product, LPRM-X, exhibits significant negative correla-
tions with VPD anomalies over almost half of China, mainly
distributed across the northern, southeastern, and southwest-
ern regions, while showing positive responses to VPD over the
other half of China (Fig. 4C). The 2 C-band VOD products
(Fig. 4D and E) show overall negative responses to VPD anom-
alies spanning northern China, similar to NDVI and X-band
VODs, but indicate strong positive correlations elsewhere. We
also find that SMAP-DCA (Fig. 4F) and MCCA-SMAP (Fig.
4G) VODs share similar strong positive variations with VPD
across the study domain, while the latter shows even stronger
positive responses to VPD. In contrast, SMOSMAP-IB VOD
(Fig. 4H) exhibits similar responses to VPD with LPRM-X
VOD (Fig. 4C), showing negative correlations over northern
and southwestern China, and positive correlations over the rest
of China. The above results indicate apparent difference among
SMOSMAP-IB with SMAP-DCA and MCCA-SMAP VOD
products, which suggests potential impacts from the different
retrieval algorithms on the L-band VOD performance.

VOD correlations with SM

Stronger differences were found in the responses of different
VOD products to SM anomalies compared to their responses
to Ta and VOD anomalies (Fig. 5). Here, the surface SM (0 to
7 cm) from ERA5-Land is used as an independent SM product
to quantify how VODs respond to soil water stress. Specifically,
NDVI (Fig. 5A) and LPDR-X VOD (Fig. 5B) are significantly
and positively correlated with SM variations over most regions
in the study domain. In contrast, LPRM-X VOD (Fig. 5B)
shows significant negative correlations with SM anomalies over
more than half of the study domain spanning from northeast-
ern to southwestern regions, indicating discrepancies in VOD
capabilities in capturing SM-related impacts on vegetation due
to different retrieval algorithms. Again, the 2 C-band VOD
products share similar responses to varying SM (Fig. 5D and
E), though the LPRM-C1 VOD tends to be more negatively
correlated with SM anomalies than LPRM-C2. However, for
the 3 L-band VOD products, the SMAP-DCA (Fig. 5F) and
MCCA-SMAP (Fig. 5G) VODs show mostly negative responses
to SM over most regions, whereas SMOSMAP-IB VOD (Fig.
5H) exhibits negative correlations with SM only across north-
eastern, southeastern, and southwestern China.

In summary, most of the VOD products examined (except
LPRM-X) show significantly positive responses to Ta changes
across most of China (Fig. S2A), and the positive responses are
stronger for VODs at lower frequencies. VOD correlations to
VPD and SM changes are also higher with lower retrieval fre-
quencies, but the relationships vary from negative (X-band) to
positive (C- and L-band) with VPD (Fig. S3A). The opposite is
true for SM (Fig. 6A). It should be noted that the results from the
partial correlation analyses of VOD variations with Ta, VPD, and
SM anomalies (Figs. S4 to S6) are quite similar to the results of
correlations conducted separately for the above variables shown
in Figs. 3 to 5 despite casual correlations among these variables,
indicating that the above analyses on the VOD responses to Ta,
VPD, and SM variations are robust. Thus, different VOD products
retrieved from different algorithms, frequencies, and sensors
show different capabilities in representing vegetation dynamics
under a changing climate, which need to be carefully considered
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Fig. 3. Spatial patterns of the correlations between the growing-season Ta anomaly and VOD anomalies in China for 2012 to 2022. Correlations of the growing-season anomaly
from MODIS NDVI (A), AMSR-E/AMSR2 LPDR X-band (LPDR-X; B), AMSR2 LPRM X-band (LPRM-X; C), AMSR2 LPRM C2-band (LPRM-C2; D), AMSR2 LPRM C1-band (LPRM-C1;
E), SMAP operational L-band DCA product (SMAP-DCA; F), SMAP MCCA L-band (MCCA-SMAP; G), and SMOS/SMAP fused L-band VOD product (SMOSMAP-IB; H), with Ta
anomaly are shown. Pixels with black dots indicate significant (P < 0.05) correlations. Note that the study period for SMAP-DCA and MCCA-SMAP VODs is from 2015 to 2022.
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Fig. 4. Correlations between the growing-season VPD anomaly and VOD anomalies in China for 2012 to 2022. Correlations of the growing-season anomaly from MODIS
NDVI (A), AMSR-E/AMSR2 LPDR X-band (LPDR-X; B), AMSR2 LPRM X-band (LPRM-X; C), AMSR2 LPRM C2-band (LPRM-C2; D), AMSR2 LPRM C1-band (LPRM-C1; E), SMAP
operational L-band DCA product (SMAP-DCA; F), SMAP MCCA L-band (MCCA-SMAP; G), and SMOS/SMAP fused L-band VOD product (SMOSMAP-IB; H), with VPD anomaly
are shown. Pixels with black dots indicate significant (P < 0.05) correlations. Correlations are estimated from 2012 to 2022, except for SMAP-DCA and MCCA-SMAP, for which
correlations are calculated from 2015 to 2022.
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Fig. 5. Similar to Figs. 4 and 3, but for the correlations of the growing-season surface soil moisture (SM) anomaly with VOD anomalies for 2012 to 2022 in China. The SM is
obtained from the ERA5-Land surface (0 to 7 cm) SM product. Correlations of the growing-season anomaly from MODIS NDVI (A), AMSR-E/AMSR2 LPDR X-band (LPDR-X;
B), AMSR2 LPRM X-band (LPRM-X; C), AMSR2 LPRM C2-band (LPRM-C2; D), AMSR2 LPRM C1-band (LPRM-CL; E), SMAP operational L-band DCA product (SMAP-DCA; F),
SMAP MCCA L-band (MCCA-SMAP; G), and SMOS/SMAP fused L-band VOD product (SMOSMAP-IB; H), with SM anomaly are shown. Pixels with black dots indicate significant
(P < 0.05) correlations.
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Fig. 6. Significant correlations of the growing-season SM anomaly with VOD anomaly across different PFTs in China. Only pixels with significant (P < 0.05) correlations are
included here. The area-weighted correlations of SM anomalies with VOD anomalies spanning the entire China are shown in (A), with the error bars indicating the standard
errors of the correlations for each PFT. Panels (B) to (H) indicate the significant (P < 0.05) correlations across each PFT. Note that the correlations for SMAP-DCA and MCCA-
SMAP VODs are calculated for 2015 to 2022.

for optimal and wider applications. More importantly, the VODs
show stronger responses to water stresses (VPD and SM) than to
Ta changes, indicating stronger capabilities of VOD to capture

vegetation dynamics under water stress than Ta limitations.

He et al. 2026 | https://doi.org/10.34133/remotesensing.1028

The responses of VOD to climate variations across

different PFTs in China
The significant (P < 0.05) relationships between different VOD
products and climate variables vary distinctively across different
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vegetation types. As VOD products respond more closely to
water stress than Ta, especially SM constraints, hereafter we focus
our analyses on the VOD response to varying SM across different
PFTs in China. Spanning the entire study domain, LPDR-X
exhibits the highest positive correlations (r = 0.16, P < 0.05),
while MCCA-SMAP shows the strongest negative responses to
SM variations (r = —0.40, P < 0.05), suggesting that retrieval
frequency has the strongest impacts on VOD variations, followed
by the retrieval algorithms (Fig. 6A). Moreover, these VOD prod-
ucts generally vary with SM stresses following their retrieval
frequencies across different PFTs, though differences exist (Fig.
6B to H). An exception is found in TNF (Fig. 6D), where NDVI,
X- and C-band VODs, and SMOSMAP-IB VODs are positively
correlated with changing SM. Water is a major limiting factor in
TNE and the canopy water stress could be well captured by X-
and C-band VODs there, further emphasizing the impacts of
different retrieval frequencies on VOD responses to SM varia-
tions. In addition, the responses of VODs to Ta and VPD varia-
tions over different PFTs in China are also found to vary generally
with their retrieval frequencies and algorithms (Figs. S2 and S3,
respectively).

Furthermore, VOD responses to changing Ta (Fig. S7), VPD
(Fig. S8), and SM (Fig. 7) vary across different months and
different PFTs in China. Generally, a shift from positive to nega-
tive responses to SM variations is generally observed in NDVI
and VOD products retrieved from high to low frequencies
across the entire growing season, except for TNE For water-
limited ecosystems such as the TNF, the correlation of NDVI
and X- and C-band VODs to SM varies from slightly negative
values in April (the beginning of the growing season) to positive
in later months, achieving the strongest positive values at the
peak of the growing season (Fig. 7C). However, the 3 L-band
VODs exhibit similar correlation strength, but differing direc-
tional responses to SM throughout the growing season (negative
for SMAP-DCA and MCCA-SMAP, and positive for SMOSMAP-
IB), suggesting that the deeper penetration of the L-band sig-
nals may be less suitable for distinguishing the SM influence
on VOD in the sparsely vegetated TNE. For other ecosystems,
the VOD variations under varying SM show minimal seasonal-
ity during the growing season, as several factors may work
together to drive vegetation dynamics over these PFTs. The
above results are also true for the VOD responses to VPD (Fig.
S8). However, for Ta, the exception is found in TF (Fig. S7A).
VODs generally show strong increases at the beginning of the
growing season, and such increases are weakened and even
decline after the peak of the growing season in TF (Fig. S7A).
X-band VODs initially exhibit significant declines with Ta warm-
ing, followed by the C-band VODs. However, the L-band VODs
still increase (but only slightly) with increasing Ta after the peak
of the growing season in TF, indicating more direct responses
of the higher-frequency VODs than the lower ones to represent
the Ta limitations on TF in China.

The carry-over effects of climate on

vegetation dynamics

In order to assess whether VOD products have the ability to cap-
ture carry-over effects of climate variations on vegetation in
China, here we show the relationships of Ta, VPD, and SM anom-
alies from both previous and current months with data from only
the current month. Generally, Ta (Fig. S9) and VPD (Fig. S10)
exert carry-over effects on vegetation dynamics indicated by
stronger positive or negative VOD correlations with previous

He et al. 2026 | https://doi.org/10.34133/remotesensing.1028

month environmental conditions than for results derived only
using data from the current month for different PFTs. Moreover,
the carry-over effects are more prevalent for vegetation responses
to SM (Fig. 8). In particular, in TNE where the ecosystems are
generally water limited, VOD correlations with SM are largely
improved when SM from the previous month is included (Fig.
8C). Moreover, VODs retrieved from higher frequencies (ie.,
X-band) reveal stronger SM carry-over effects than from lower
frequencies. For relatively humid forest ecosystems, such as TF
(Fig. 8A) and SF (Fig. 8B), the SM carry-over effects on vegetation
dynamics are relatively small, likely because these ecosystems are
generally not water limited and trees have deep roots. Thus, there
are carry-over effects of climate variation on vegetation dynamics
in China, which should be carefully considered in climate change
and ecosystem assessment studies.

Discussion

In this study, we find divergent responses of different VODs
to climate variations across China, according to their retrieval
frequencies, algorithms, and sensors. Because of relatively
high retrieval frequencies, X-band (LPDR-X and LPRM-X) and
C-band (LPRM-CI1 and LPRM-C2) VODs are generally assumed
to show direct (or immediate) variations from upper canopy
under a varying climate, such as positive responses of X-band
VOD to SM in TNF (Fig. 6C). However, microwave signals at
lower frequencies can penetrate deeper into the canopy, and thus,
L-band VOD can include greater sensitivity to the woody com-
ponent of vegetation, and sometimes even understory vegetation
[43]. Irrespective of the differences from retrieval algorithms,
X- and C-band VODs generally show stronger seasonal varia-
tions than L-band VOD, further confirming that VOD products
derived from high frequencies represent more dynamic upper
canopy variations responsive to climate variability.

VOD was widely compared with many vegetation proxies, such
as NDVI, AGB, tree height, and so on, to reveal its ability to detect
vegetation status. L-band VOD was found to show advantages in
capturing AGB variations [5,10]. Moreover, L-band VOD was also
shown to have high correlations with tree height [43], a key
parameter closely linked to AGB, further indicating its ability to
capture AGB dynamics, which may explain the generally positive
or nonsignificant correlations of Ta/VPD with SMAP-DCA and
MCCA-SMAP VODs across most regions in China shown in this
study (Fig. 3). Our results show that X-band VOD (Fig. 4C) has
the highest advantages than the other VODs to successfully detect
the impacts of atmospheric water stress on vegetation, which is
consistent with previous studies [23,44].

The VOD variations responding to climate also vary across
different PFTs, mainly attributed to different vegetation growth
limitations. For example, in SE, where Ta is not the dominant
limiting factor despite the prevalence of high temperature that
may negatively impact vegetation growth, only X-band VOD
products demonstrate negative effects of high Ta on VOD (Fig.
3C). The vegetation canopy responds quickly to warming and
X-band VOD may have better capabilities to detect the above
responses than other VODs. Moreover, X-band VOD products
show significant negative responses to Ta (Fig. 3B and C) and
VPD (Fig. 4B and C) increases, as well as positive responses to
SM variations (Fig. 5B and C) in the regions with high Ta and
low precipitation (Fig. S1), which are consistent with recent stud-
ies showing significant vegetation growth reductions under com-
pound heatwave and drought events in China [45]. These results
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Fig. 7. Correlations of VODs with surface (0 to 7 cm) SM anomalies for different PFTs and growing-season months in China during the study period. Panels (A) to (G) indicate
the correlations of VODs with SM anomalies across each PFT. The surface SM from ERA5-Land is used here. The significant correlations (P < 0.05) are marked with “*".

suggest that X-band VODs, especially LPRM-X VOD, have
higher priority than the other VODs to be employed to investi-
gate the impacts of heatwaves and drought on vegetation in these
dry and hot regions. Furthermore, vegetation productivity was
found to be positively correlated with VPD in some areas over
the northern terrestrial ecosystems, where negative correlations
between vegetation productivity and VPD were shown in most

He et al. 2026 | https://doi.org/10.34133/remotesensing.1028

regions [46]. Therefore, LPRM-X and SMOSMAP-IB VODs
potentially outperform the other VODs to represent vegeta-
tion responses to VPD variations over China (Fig. 4). In
terms of vegetation responses to SM variations, previous studies
showed that different vegetation types have different responses
to SM variations, some of which may have water retention effects,
while others have water consumption effects, showing positive
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Fig. 8. Correlations of VOD anomalies with SM anomalies from only the current month (No lag) and with SM anomalies averaged from both previous and current months
(1 month carry-over) during the growing season of 2012 to 2022 across different PFTs. Panels (A) to (G) indicate the correlations of VOD anomalies with SM anomalies from
the current month (No lag) and with SM anomalies averaged from both previous and current months (1 month carry-over) across each PFT. Note that the study period for
SMAP-DCA and MCCA-SMAP VODs is from 2015 to 2022.

and negative relationships across different ecosystems [47].
From this perspective, LPRM-X, LPRM-C2, and LPRM-Cl,
together with SMOSMAP-IB VODs, exhibit the most reasonable
responses to SM variations among all the examined VODs (Fig.
5) over the study domain.

Vegetation was found to have carry-over effects from prior

growing conditions influencing the present growth. Thus, the
effects of climate variations on vegetation dynamics could per-
sist from a previous state to current ones. Xia et al. [48] have
shown that the effects of summer warming on plant growth

He et al. 2026 | https://doi.org/10.34133/remotesensing.1028

and primary production carried over into other seasons. Late
spring frost was stated to have more severe and long-lasting
carry-over effects on forests than growing-season drought in
the Northern Hemisphere [49]. The effects of previous tem-
perature and moisture conditions on present vegetation growth
were examined to reveal patterns of intrinsic and extrinsic
strength and length of carry-over effects of Ta and SM on veg-
etation responses across global drylands [50]. Lian et al. [51]
reported a carry-over effect of SM deficit during spring green-
ing on vegetation responses to Ta in the subsequent summer.
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In this study, we find significant 1-month carry-over effects of
SM on vegetation dynamics (Fig. 8), consistent with the results
in previous studies. Moreover, we find that the VODs well cap-
ture the 1-month carry-over effects of SM on vegetation in TNE,
where water is a major limiting factor for vegetation growth.
In particular, the SMAP-DCA VOD exhibits substantial carry-
over effects, with associated VOD correlations with SM varia-
tions changing from negative to mostly positive values in TNF
when including SM from the previous month (Fig. 8C). We
also find carry-over effects of Ta and VPD on vegetation dynam-
ics (Figs. S9 and S10), which have received relatively little atten-
tion in previous studies, and should be addressed in future
research.

In order to further clarify the capabilities of VODs to detect
vegetation water status changes, the corresponding SM of each
VOD product is also included for comparisons with the results
using ERA5-Land surface SM (0 to 7 cm) here (Fig. 9). Although
the correlations using the corresponding satellite surface SM
retrievals are slightly stronger than that from the ERA5-Land
SM, the 3 L-band VODs show generally similar responses to
SM no matter which SM data are used (Fig. 9E to H). This find-
ing suggests that there are limited effects of the retrieval algo-
rithms on the ability of L-band VOD responding to SM stress.
Moreover, L-band microwave signals are more sensitive to
surface SM variations and lead to more robust SM retrievals.
However, substantial differences could be found for LPRM-X
and LPRM-C2 VODs (Fig. 9H), where the SM relationships
change from negative correlations using ERA5-Land to positive
using the corresponding sensor-derived SM. LPRM-C1 (Fig.
9D) also correlates with its corresponding SM positively over
more regions than with ERA5-Land SM, though this phenom-
enon is less obvious than LPRM-X and LPRM-C2. While direct
validations of large-scale VOD products remain challenging,
the associated SM retrievals have been widely evaluated recently,
including the C- and X-band LPRM retrievals from AMSR-E
and AMSR-2, and L-band retrievals from SMAP and SMOS
[52-54]. The above studies generally showed reasonable per-
formance of the SM products especially for L-band retrievals.
Therefore, the performance of different VOD products could
be indirectly evaluated through the above comparisons of VOD
correlations with ERA5-Land SM product and the correspond-
ing SM retrievals. Moreover, those results further suggest that
the retrieval frequency is the most critical factor for VOD capa-
bilities to identify vegetation responses to SM stress in China.
The VODs from different frequencies, algorithms, and sensors
may also offer potentially complimentary information about
vegetation dynamics at different canopy levels. Asynchronous
variations in different VODs could reveal important informa-
tion in vegetation phenology, growth, and water status between
foliar and woody biomass components that influence vegetation
dynamics under different climate conditions [55]. Thus, com-
prehensive assessments should be carefully taken for choosing
the appropriate VOD products as vegetation proxies for any
regional applications.

It should be noted that there are some limitations in this
study. The accuracy of VOD retrievals is affected by radio fre-
quency interference (RFI), the microwave signals emitted by
artificial devices and received by satellite sensors, which varies
with sensor, frequency, and location. Data from SMOS is more
influenced by RFI in China, resulting in significant data loss or
retrieval errors [56,57]. Such RFI limitations on SMOS data are
propagated to SMOSMAP-IB VOD and SM data; however, such

He et al. 2026 | https://doi.org/10.34133/remotesensing.1028

issues could be partly compensated by fusing with SMAP data,
which is equipped by improved RFI filtering methods [5]. This
may partly explain the differences in the performance between
SMOSMAP-IB and the 2 other SMAP-based VOD products.
SMAP-DCA utilizes MODIS NDVTI as ancillary data in its VOD
retrievals, whereas MCCA-SMAP and SMOSMAP-IB do not
incorporate any ancillary vegetation information in data pro-
duction, which may also contribute to differences in those
L-band VODs. Field measurements of biomass, leaf area index,
leaf water potential, and vegetation structure could be further
conducted to better understand the variations of VOD at dif-
ferent frequencies [58]. Another limitation of this study is that
the analyses of these VOD products are based on different time
periods (Fig. S11). We investigate VOD responses to Ta, VPD,
and SM across China from 2012 to 2022 for LPDR-X, LPRM-X,
LPRM-C1, LPRM-C2, and SMOSMAP VODs, in comparison
with that from 2015 to 2022 for SMAP-DCA and MCCA-SMAP
VODs, which may contribute uncertainties in the results (Fig.
S11). Distinct VOD responses to Ta, VPD, and SM are shown
for croplands, likely due to different management practices,
regions, and planted crop types, requiring further analyses to
identify the capabilities of different VODs to track crop dynam-
ics in China. This study chooses the period from April to
September as the growing season for the investigations, which
may introduce some uncertainties in the results, as vegetation
located in the northern part of China or Tibetan Plateau may
not start to grow in April. However, the growing season for most
vegetation over China is April to September, and thus, we con-
sider April to September as the growing season to conduct the
analyses in this study. In addition, the ability of VOD to repre-
sent vegetation dynamics under extremely high Ta and VPD or
low SM conditions is not fully addressed in this study, limiting
potential applications under more extreme climate conditions.
Moreover, the interactions between any 2 climate factors may
have distinct impacts on vegetation growth and hence VOD
performance during the study period, which are also not con-
sidered here. Further studies are needed to evaluate the com-
pounding effects from Ta, VPD, and SM stresses on VOD
performance in China, as well as effects of compound climate
extreme events. Finally, the SM datasets used in this study show
limited ability to capture the influence of irrigation in croplands,
particularly affecting result interpretation in areas with signifi-
cant paddy rice, such as in Hunan and Jiangxi provinces. An
improved SM dataset to adequately represent the irrigation
effects on VOD variations is urgently needed. Additionally, we
use surface SM in this study to investigate the VOD responses
to soil water stress. However, surface SM is dynamic and may
not be representative for some PFTs, such as TF and SE, which
have deep roots. Root-zone SM should be incorporated in
future studies to overcome this limitation.

Conclusion

In this study, we evaluate the capabilities of 7 VOD products
to detect vegetation responses to climate variations from 2012
to 2022 (2015 to 2022 for SMAP-DCA and MCCA-SMAP) in
China. Although they share similar spatial patterns, all 7 VODs
exhibit divergent responses to climate variations in China,
mainly varying with their retrieval frequencies, and followed
by the retrieval algorithms and sensors. However, we also find
consistent VOD responses to climate in the ecosystems domi-
nated by either temperature or water, such as temperate forests
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Fig. 9. Spatial distributions of the correlations between the growing-season VOD anomalies and the corresponding SM anomaly from 2012 to 2022 in China. The surface SM
retrievals accompanying each VOD product were shown here, including LPDR-X (A), LPRM-X (B), LPRM-C2 (C), LPRM-C1 (D), SMAP-DCA (E), MCCA-SMAP (F) and SMOSMAP-IB
(G). Comparisons between the correlations of using ERA5-Land SM product (ERA5 SM) and the corresponding SM (Corresp) of each VOD product are shown in panel (H). Pixels
with black dots indicate significant (P < 0.05) correlations. Note that the study period for SMAP-DCA and MCCA-SMAP VODs is from 2015 to 2022.
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(temperature-limited) and temperate grasslands and shrublands
(water-limited). Furthermore, X- and C-band VODs show rela-
tively higher potential to capture the carry-over effects of cli-
mate on vegetation dynamics than L-band VODs, as they mainly
represent vegetation upper canopy dynamics, especially in arid
and semiarid ecosystems. Our results highlight that the retrieval
frequency is the most critical factor influencing VOD-based
vegetation responses to changing climate in China, followed
by the nature of the underlying retrieval algorithms and sensors.
Thus, our results underscore that VOD products from different
retrieval frequencies, algorithms, and sensors should be care-
fully evaluated for the study domain to select the most appro-
priate or complimentary VOD products for regional ecosystem
studies, and to improve understanding of how vegetation dynam-
ics are responding to the changing climate in China.
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Vegetation optical depth (VOD) has been widely assessed for satellite monitoring of vegetation carbon and water status
under different environmental conditions. However, abilities of multi-frequency VODs to reflect the integrated dynamics
in vegetation status under changing climate are still underinvestigated, especially in China, which has experienced
substantial vegetation greening since 2000. To fill this gap, this study examines 7 VOD products for their capabilities to
detect vegetation status changes under climate variations from 2012 to 2022 in China. We find divergent responses of
multi-frequency VODs to climate variations in China, and the retrieval frequency is the most important factor, followed by
the underlying retrieval algorithms. All 7 VOD products show stronger responses to water limitations (atmospheric and
soil water stress) than temperature across different plant functional types in China, suggesting high potential of VOD to
track vegetation water status changes. We also find that the capabilities of VODs to represent vegetation responses to
climate variations are affected by vegetation growth limitations, showing consistent responses for ecosystems dominated
by either temperature or water. Most importantly, we find that VODs capture well the carry-over effects of climate on
vegetation dynamics in China, with X- and C-band VODs showing stronger abilities than L-band VODs, especially for
ecosystems located in China’s arid and semiarid regions. These findings address the divergent capabilities of multi-
frequency VOD products to capture the vegetation responses to climate variations across China, promoting ecological
applications of different VOD products in regional studies.
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