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Key Points 10 

1. Collocation Analysis for Transpiration products: Collocation analysis 11 

rigorously evaluates errors within global transpiration products, offering insights 12 

crucial for accurate data fusion. 13 

2. Global Transpiration Dataset: A daily global transpiration dataset from 2000 to 14 

2020 at 0.1°. The merging process considers the presence of non-zero error cross 15 

correlation (ECC), theoretically and proven more effective than prior 16 

methodologies. 17 

3. Robust Validation: The fused transpiration product is subjected to validation at 18 

both sites and globally. Results showcase its promising performance, 19 

demonstrating robust representation. 20 

Abstract 21 

Transpiration (T) is pivotal in the global water cycle, responding to soil moisture, 22 

atmospheric stress, climate changes, and human impacts. Therefore, establishing a 23 

reliable global transpiration dataset is essential. Different global transpiration products 24 

exhibit significant differences, necessitating the evaluation of errors. Collocation 25 

analysis methods have been proven effective for assessing the errors in these products, 26 

which can subsequently be used for multisource fusion. However, previous results did 27 

not consider error cross-correlation, rendering the results less reliable. In this study, 28 

we employ collocation analysis, taking error cross-correlation into account, to 29 

effectively analyze the errors in multiple transpiration products and merge them to 30 

obtain a more reliable dataset. The results demonstrate its superior reliability. The 31 

outcome of this research is a long-term daily global transpiration dataset at 0.1° 32 

resolution from 2000 to 2020. Using the transpiration after partitioning at FLUXNET 33 

sites as a reference, we compare the performance of the merged product with input 34 

datasets. The merged dataset performs well across various vegetation types and is 35 
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validated against in-situ observations. Incorporating non-zero ECC considerations 36 

represents a significant theoretical and proven enhancement over previous 37 

methodologies that neglected such conditions, highlighting its reliability in enhancing 38 

our understanding of transpiration dynamics in a changing world. 39 

Keywords 40 

Transpiration, Collocation analysis, Data fusions 41 

1. Introduction 42 

Transpiration (T) comprises approximately 60% of terrestrial evapotranspiration (ET), 43 

playing a pivotal role in Water and energy cycles (Lian et al., 2018; Wei et al., 2017). 44 

Observational records indicate a substantial warming trend over the past several 45 

decades, inducing an evident shift in soil water availability, atmospheric water stress, 46 

climate variations, and human influences, which is expected to alter transpiration 47 

(Binks et al., 2022; Keenan et al., 2016; Diego G Miralles et al., 2014; Oogathoo et al., 48 

2022). Nevertheless, quantifying T at regional and larger scales remains an intricate 49 

challenge due to heterogeneities in the physical and physiological attributes governing 50 

plant water uptake and ecosystem water utilization (Mcgrath & Lobell, 2013; Zou et 51 

al., 2020). These challenges have resulted in limited data availability and substantial 52 

uncertainties in ecosystem T estimates, further propagating uncertainties in biosphere-53 

atmosphere feedbacks relevant to climate change projections by Earth System models 54 

(Fisher et al., 2017; Yang et al., 2023). 55 

Over the past decades, multiple models have emerged for estimating global T and ET. 56 

However, previous studies investigated uncertainties often exceeding two to three 57 

times those of total ET in these products (D. G. Miralles et al., 2016; Park et al., 2023; 58 

Talsma et al., 2018). Notably, substantial disparities exist among previous studies 59 

estimating global T/ET ratios, ranging from 24% to 76% based on satellite 60 

observations (D. G. Miralles et al., 2016), 31% to 64% using hydrological models 61 
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(Wei et al., 2017), and 25% to 90% derived from climate models (Berg & Sheffield, 62 

2019). The improvement of these models is impeded by the lack of suitable datasets 63 

for direct T product validation, mechanism testing, and parameter constraints (Stoy et 64 

al., 2019). Validation efforts are often hindered by sparse in situ data (Yang et al., 65 

2023) and the limited availability of measurement techniques and datasets at the 66 

requisite spatial and temporal scales (Bayat et al., 2021; Talsma et al., 2018). 67 

Collocation methods have recently emerged as promising techniques for estimating 68 

random error variances and data-truth correlations in collocated inputs (C. Li et al., 69 

2022; Xueying Li et al., 2023; Park et al., 2023; Stoffelen, 1998). These methods do 70 

not demand a high-quality reference dataset but instead rely on the availability of 71 

spatially and temporally corresponding datasets (Su et al., 2014; Wu et al., 2021). 72 

Collocation methods have found widespread application in assessing various 73 

geophysical variables, encompassing soil moisture (Deng et al., 2023; Ming et al., 74 

2022), precipitation (Dong et al., 2022; C. Li et al., 2018), ocean wind speed (Ribal & 75 

Young, 2020; Vogelzang et al., 2022), leaf area index (Jiang et al., 2017), total water 76 

storage (Yin & Park, 2021) sea ice thickness and surface salinity (Hoareau et al., 77 

2018), and near-surface air temperature (Sun et al., 2021). 78 

Recent efforts have applied collocation analysis to assess transpiration estimates. 79 

Bright et al. (2022) utilized the additive triple collocation (TC) model to scrutinize the 80 

performance of diverse models in estimating daily transpiration. Park et al. (2023) 81 

amalgamated three products (e.g., ERA5L, GLDAS, and MERRA2) using TC-derived 82 

error information over East Asia. Li et al. (2023) utilized the extended double 83 

instrumental variable (EIVD) method to evaluate the uncertainty of three global 84 

gridded transpiration datasets (e.g., ERA5L, GLDAS, and GLEAM). The findings of 85 

these studies corroborated the reliability of the collocation method and highlighted its 86 

increased suitability for assessing transpiration estimates. 87 

The mathematical premise of collocation analysis assumes that multiple products are 88 

mutually independent (Stoffelen, 1998), meaning that the random errors of these 89 
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products are not correlated. If this assumption is not met, it can lead to significant 90 

errors in the results. However, in practice, many products use the same data source for 91 

driving or calibration, making it challenging to satisfy the zero ECC assumption. The 92 

subsequent developments in collocation analysis, such as extended collocation (EC) 93 

or EIVD methods, have introduced specific approaches for calculating ECC, thereby 94 

relaxing this assumption to some extent. Recent studies have demonstrated that the 95 

framework of collocation analysis can be employed for the analysis and fusion of 96 

transpiration products. However, they did not account for the potential existence of 97 

ECC, which is disadvantageous for multisource data fusion. 98 

In summary, this study addresses the challenges posed by the difficulty in estimating 99 

global transpiration and the limited assessment of existing products. We intend to 100 

employ a collocation analysis approach considering non-zero ECC to analyze the 101 

errors in four commonly used transpiration products. Subsequently, we will perform 102 

multisource data fusion to obtain more reliable and robust global gridded transpiration 103 

data. These data will be compared with input datasets and other fusion methods at 104 

both site and global scales to assess the robustness of the fusion results. This research 105 

will provide the scientific community with reliable data support for analyzing the 106 

spatiotemporal variability trends and underlying reasons for transpiration under 107 

changing environmental conditions. 108 

2. Datasets 109 

In this study, we selected three global gridded vegetation transpiration datasets from 110 

2000 to 2020 (Table 1). Additionally, we filtered a subset of sites from the global flux 111 

observation network FLUXNET and employed multiple evapotranspiration 112 

partitioning methods to calculate vegetation transpiration to comprehensively 113 

compare existing products and the performance of the fusion results. We applied 114 

Kriging spatial interpolation to downscale GLDAS-2.1 and GLEAM-3.7a from 0.25° 115 

to 0.1° and upscale PMLv2 from 0.083° to 0.1° and matched the 8-day average data to 116 
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the corresponding periods, resulting in three datasets with consistent spatial and 117 

temporal resolutions for fusion. 118 

TABLE.1 Summary of transpiration products involved. 119 

Name Schemes 
Original Resolution 

（all interpolated to 0.1°） 
Period 

GLDAS-2.1 Noah 0.25° 3-hourly 2000-present 

GLEAM-3.7a GLEAM model 0.25° daily 1980-2022 

PMLv2-v017 
Penman-Monteith-

Leuning 
0.083° 8-day average 2000-2020 

2.1. GLDAS 120 

The Global Land Data Assimilation System (GLDAS) product is a land-surface 121 

simulation forced by a combination of model and observation datasets incorporating 122 

advanced and sophisticated data assimilation methodologies(Rodell et al., 2004). 123 

GLDAS runs multiple land-surface models (LSMs), including Noah, Mosaic, 124 

Variable infiltration capacity (VIC), and the Community land model (CLM). These 125 

combined models provide global evapotranspiration estimations at fine and coarse 126 

spatial (0.1° and 0.25°) and temporal (3-hourly and monthly) resolutions. The latest 127 

GLDAS version 2 has three components (v2.0-v2.2). The GLDAS-2.1 started on 128 

January 2000 to present using meteorological analysis fields from ECMWF. The 129 

transpiration parameter is derived from GLDAS-2.1 products denoted as 130 

"TVeg_tavg." Transpiration is calculated as a part of total evapotranspiration using 131 

the Noah model. For more detailed descriptions of the GLDAS2 models and DA 132 

process of GLDAS-2.1, we recommend the reader refer to NASA's Hydrology Data 133 

and Information Services Center (http://disc.sci.gsfc.nasa.gov/hydrology).  134 

2.2. GLEAM 135 

The latest version of the Global Land Evaporation Amsterdam Model 3.7 136 
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(GLEAMv3.7) dataset(Martens et al., 2017; D Gonzalez Miralles et al., 2011) at 0.25° 137 

is used. This version of GLEAM provides daily estimations of actual evaporation, 138 

bare soil evaporation, canopy interception, transpiration from vegetation, potential 139 

evaporation, and snow sublimation from 1980 to 2022. The third version of GLEAM 140 

contains a new DA scheme, an updated water balance module, and evaporative stress 141 

functions. Two datasets that differ only in forcing and temporal coverage are provided: 142 

GLEAMv3.7a-43-year period (1980 to 2022) based on satellite and reanalysis 143 

(ECMWF) data; GLEAMv3.7b-20-year period (2003 to 2022) based on only satellite 144 

data. The cover-dependent potential evaporation rate (𝐸௉ ) is calculated using the 145 

Priestley-Taylor equation(Priestley & TAYLOR, 1972). Then, a multiplicative stress 146 

factor is used to convert 𝐸௉ into actual transpiration or bare soil evaporation, which is 147 

the function of microwave vegetation optimal depth (VOD) and root-zone soil 148 

moisture. For detailed description, please refer to the description paper (Martens et al., 149 

2017). 150 

2.3. PMLv2 151 

The Penman-Monteith-Leuning version 2 global evaporation model (PMLv2) has 152 

been developed based on the Penman-Monteith-Leuning model(Leuning et al., 2009; 153 

Zhang et al., 2019). The daily inputs for this model include leaf area index (LAI), 154 

white sky shortwave albedo, and emissivity obtained from the Moderate Resolution 155 

Imaging Spectroradiometer (MODIS), as well as temperature variables (𝑇௠௔௫ , 𝑇௠௜௡, 156 𝑇௔௩௚), instantaneous variables (𝑃௦௨௥௙, 𝑃௔, 𝑈, 𝑞), and accumulated variables (𝑃௥௖௣, 𝑅௟௡, 157 𝑅௦) from GLDAS2. Evaporation is divided into direct evaporation from bare soil (𝐸௦), 158 

evaporation from solid water sources (water bodies, snow, and ice) (𝐸𝑇௪௔௧௘௥), and 159 

vegetation transpiration (𝐸௖ ). To ensure its accuracy, the PMLv2-ET model was 160 

calibrated against 8-daily eddy covariance data from 95 global flux towers 161 

representing ten different land cover types. In this study, we employ the latest version, 162 

v017.  163 
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2.4. FLUXNET 164 

The latest FLUXNET2015 4.0 eddy-covariance data were used in our study 165 

(Pastorello et al., 2020). Following the filtering process by Lin et al. (2018) and Li et 166 

al. (2019), only the measured and good-quality gap-filled data were used for quality 167 

control. Secondly, we excluded days with rainfall and the subsequent day after rainy 168 

events to mitigate the impact of canopy interception (Medlyn et al., 2017; Knauer et 169 

al., 2018). 170 

After data filtering and processing, 199 sites were selected. The selected sites are 171 

distributed globally, primarily in North America and Europe. The International-172 

Geosphere–Biosphere Program (IGBP) land cover classification system (Loveland et 173 

al., 1999) was employed to distinguish the 11 Plant Functional Types (PFTs) across 174 

sites based on the classification provided in the original dataset, including evergreen 175 

needle leaf forests (ENF, 49 sites), evergreen broadleaf forests (EBF, 13 sites), 176 

deciduous broadleaf forests (DBF, 26 sites), croplands (CRO, 20 sites), grasslands 177 

(GRA, 39 sites), savannas (SAV, 8 sites), mixed forests (MF, 8 sites), closed 178 

shrublands (CSH, 2 sites), open shrublands (OSH, 13 sites), and permanent wetland 179 

(WET, 16 sites). 180 

3. Method 181 

In this study, the fusion of products consisted of three steps: (1) the extended double 182 

instrumental variable technique (EIVD) was used to calculate the random error 183 

variance of the selected input products; (2) aiming for minimum MSE, the weights of 184 

different products on each grid were calculated considering non-zero error-cross-185 

correlation (ECC); (3) the products were fused according to the weights to obtain a 186 

long sequence. In addition, to evaluate the performance of the fusion results, we 187 

employed three methods for partitioning T from ET. We calculated the means of these 188 

three methods to obtain site-scale T data for the long time series, which serves as the 189 
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benchmark. 190 

3.1. Collocation Analysis 191 

3.1.1. Extended instrumental variable technique 192 

The EIVD method (Dong et al., 2019) used in this study is a type of collocation 193 

analysis that combines the traditional triple collocation (TC) method (Stoffelen, 1998) 194 

with the extended collocation (EC) method (Alexander Gruber et al., 2016), which 195 

considers non-zero ECC. Therefore, we must first introduce the TC method to derive 196 

the rationale behind the EIVD method. 197 

The commonly used error structure for triple collocation analysis (TCA) is: 198 

 𝑖 = 𝛼௜ + 𝛽௜Θ + 𝜀௜ (1)

where 𝑖 ∈ [𝑋, 𝑌, 𝑍] are three spatially and temporally collocated data sets; Θ is the 199 

unknown true signal for relative geographical variable; 𝛼௜  and 𝛽௜  are additive and 200 

multiplicative bias factors against the true signal, respectively; 𝜀௜ is the additive zero-201 

mean random error.  202 

The basic assumptions adopted in TC are as follows: (i) Linearity between true signal 203 

and data sets, (ii) signal and error stationarity, (iii) independency between random 204 

error and true signal (error orthogonality), (iv) independence between random errors 205 

(zero error cross-correlation, zero ECC). Although many studies have indicated that 206 

some of these assumptions are often violated in practice (Jia et al., 2022; C. Li et al., 207 

2018, 2022), the formulation based on these assumptions is still the most robust 208 

implementation (A. Gruber et al., 2016).  209 

The data sets first need to be rescaled against an arbitrary reference (e.g., 𝑋). The 210 

others are scaled through a TC-based rescaling scheme: 211 

 𝑌௑ = 𝛽௒௑൫𝑌 − 𝑌൯ + 𝑋 𝑍௑ = 𝛽௓௑൫𝑍 − 𝑍൯ + 𝑋  (2)

The overbar denotes the mean value, and 𝛽௒௑ and 𝛽௓௑ are the scaling factors as: 212 
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 ⎩⎪⎨
⎪⎧𝛽௒௑ = 𝛽௑𝛽௒ = < ൫𝑋 − 𝑋൯൫𝑍 − 𝑍൯ ൐< ൫𝑌 − 𝑌൯൫𝑍 − 𝑍൯ ൐ = 𝜎௑௓𝜎௒௓𝛽௓௑ = 𝛽௑𝛽௓ = < ൫𝑋 − 𝑋൯൫𝑌 − 𝑌൯ ൐< ൫𝑍 − 𝑍൯൫𝑌 − 𝑌൯ ൐ = 𝜎௑௒𝜎௓௒

 (3)

where <∙൐ is the average operator, 𝜎௜௝ is the covariance of data sets 𝑖 and 𝑗. 213 

Subsequently, the error variances could be estimated by averaging the cross-214 

multiplied data set differences as follows: 215 

 ⎩⎪⎨
⎪⎧ 𝜎ఌ೉ଶ =< ሺ𝑋 − 𝑌௑ሻሺ𝑋 − 𝑍௑ሻ ൐𝜎ఌೊ೉ଶ = 𝛽௒௑ଶ𝜎ఌೊଶ =< ሺ𝑌௑ − 𝑋ሻሺ𝑌௑ − 𝑍௑ሻ ൐𝜎ఌೋ೉ଶ = 𝛽௓௑ଶ𝜎ఌೋଶ =< ሺ𝑍௑ − 𝑋ሻሺ𝑍௒ − 𝑌௑ሻ ൐  (4)

Expanding the bracket and expressing the rescaling factors yields: 216 

 

⎩⎪⎨
⎪⎧𝜎ఌ೉ଶ = 𝜎௑ଶ − 𝜎௑௒𝜎௑௓𝜎௒௓𝜎ఌೊଶ = 𝜎௒ଶ − 𝜎௒௑𝜎௒௓𝜎௑௓𝜎ఌೋଶ = 𝜎௓ଶ − 𝜎௓௑𝜎௓௒𝜎௑௒

 (5)

Following the classic TC analysis, the problem is generalized for an arbitrary number 217 

of 𝑁  data sets (Zwieback et al., 2012) by relaxing the zero ECC assumption for 218 

specific data sets combination. Here, we use a quadruple input [𝑖, 𝑗, 𝑘, 𝑙 with 𝜎ఌ೔ఌೕ ≠219 0]for expression. The data set variances and covariances write as: 220 

 𝜎௜௝ = ቊ 𝛽௜𝛽௝𝜎஀ଶ𝛽௜𝛽௝𝜎஀ଶ + 𝜎ఌ೔ఌೕ
∀𝑖, 𝑗 with 𝜎ఌ೔ఌೕ = 0∀𝑖, 𝑗 with 𝜎ఌ೔ఌೕ ≠ 0 (6)

The sensitivity and absolute error variance of the data set follow: 221 

 𝛽௝ଶ𝜎஀ଶ = 𝜎௝௞𝜎௝௟𝜎௞௟ 𝜎ఌೕଶ = 𝜎௝ଶ − 𝜎௝௞𝜎௝௟𝜎௞௟  (7)

The cross-multiplied factors can be estimated by: 222 

 𝛽௜𝛽௝𝜎஀ଶ = 𝜎௜௞𝜎௝௟𝜎௞௟ 𝜎ఌ೔ఌೕ = 𝜎௜௝ − 𝜎௜௞𝜎௝௟𝜎௞௟  (8)

The above equations could be expressed in matrix notation with 𝐲 = 𝐀𝐱 as: 223 
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 𝐲 =
⎝⎜
⎜⎜⎛

𝜎௜ଶ𝜎௜௝𝜎௝௟𝜎௝௞𝜎௟௞𝜎௜௝𝜎௞௟𝜎௝௟ ⎠⎟
⎟⎟⎞     𝐀 = ൮1 0 1 00 1 0 11 0 0 00 1 0 0൲    𝐱 = ⎝⎜

⎛ 𝛽௜ଶ𝜎஀ଶ𝛽௜𝛽௝𝜎஀ଶ𝜎ఌೕଶ𝜎ఌ೔ఌೕ ⎠⎟
⎞

 (9)

Where 𝐲 is the known observations vector, 𝐀 is the design matrix, 𝐱 is the unknown 224 

parameters vector. The least-squared solution for unknown 𝐱 is then solved by: 225 

 𝐱 = ሺ𝐀𝐓𝐀ሻି𝟏𝐀𝐓𝐲 (10)

The matrix ሺ𝐀𝐓𝐀ሻ must have full rank (invertible) to guarantee that the collocation 226 

system is solvable. For any number of 𝑁>3, this requirement could be expressed as 227 

Each data set must be a member of at least one triplet with mutually zero ECC 228 

(Gruber et al., 2016a). For example, input with five data sets [𝑎, 𝑏, 𝑐, 𝑑, 𝑒] can assume 229 

at most 2 sets with 2 non-zero ECC pairs (like 𝜎ఌೌఌ್&𝜎ఌೌఌ೎ ≠ 0 and 𝜎ఌೌఌ್&𝜎ఌ೎ఌ೏ ≠ 0) 230 

or Cହଶ = 10 sets with 1 non-zero ECC pair, etc. 231 

The instrumental variable algorithm introduces a temporally lag-1 [day] series of the 232 

select product (e.g., 𝑋௧ିଵ = 𝛼௑ + 𝛽௑Θ௧ିଵ + 𝜀௑,௧ିଵ ) as the third input for TC (Su et al., 233 

2014). Such process includes another assumption that all data sets contain serially 234 

white errors (i.e., < 𝜀௜,௧𝜀௜,௧ିଵ ൐= 0, zero auto-correlation). Furthermore, by adopting 235 

the designed matrix in extended collocation (EC) (Alexander Gruber et al., 2016), 236 

Dong et al. (2020) present the extended double instrumental variable technique 237 

(denoted as EIVD) to estimate the error variance matrix with only two independent 238 

data sets.  239 

For a triplet input ቂ𝑖, 𝑗, 𝑘 with 𝜎ఌ೔ఌೕ ≠ 0ቃ. The dynamic range ratio scaling factors can 240 

be estimated as follows: 241 

 𝑠௜௝ ≡ 𝛽௜𝛽௝ = ඨ𝐿௜௜𝐿௝௝ (11)

where 𝐿௜௜ =< 𝑖௧𝑖௧ିଵ ൐ is the auto-covariance of inputs. Subsequently, the sensitivity 242 

and absolute error variance of the data set follow: 243 
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 𝛽௝ଶ𝜎஀ଶ = 𝜎௜௝ඨ𝐿௜௜𝐿௝௝ 𝜎ఌೕଶ = 𝜎௜௝ඨ𝐿௜௜𝐿௝௝ − 𝜎௜ଶ (12)

The cross-multiplied factors can be estimated by: 244 

 𝛽௜𝛽௝𝜎஀ଶ = 𝜎௜௞ඨ 𝐿௝௝𝐿௞௞ = 𝜎௝௞ඨ 𝐿௜௜𝐿௞௞ 𝜎ఌ೔ఌೕ = 𝜎௜௝ − 𝛽௜𝛽௝𝜎஀ଶ (13)

Hence, for a triplet with the input of [𝑋, 𝑌, 𝑍 with 𝜎ఌ೉ఌೊ ≠ 0]: the matrix notation of 245 

the above system with 𝐲 = 𝐀𝐱 is given as: 246 

𝐲 =

⎝⎜
⎜⎜⎜
⎜⎜⎜
⎜⎜⎜
⎜⎜⎜
⎜⎜⎜
⎜⎜⎜
⎜⎛

𝜎௑ଶ𝜎௒ଶ𝜎௓ଶ𝜎௑௒𝜎௑௓ඨ𝐿௑௑𝐿௓௓
𝜎௒௓ඨ𝐿௒௒𝐿௓௓
𝜎௓௑ඨ𝐿௓௓𝐿௑௑
𝜎௓௒ඨ𝐿௓௓𝐿௒௒
𝜎௑௓ඨ𝐿௒௒𝐿௓௓
𝜎௒௓ඨ𝐿௑௑𝐿௓௓ ⎠⎟

⎟⎟⎟
⎟⎟⎟
⎟⎟⎟
⎟⎟⎟
⎟⎟⎟
⎟⎟⎟
⎟⎞

𝟏𝟎𝐱𝟏

𝐀 =
⎝⎜
⎜⎜⎛

𝐈𝟒𝐱𝟒 𝐈𝟒𝐱𝟒

⎝⎜⎜
⎛1 0 0 00 1 0 00 0 1 00 0 1 00 0 0 10 0 0 1⎠⎟⎟

⎞
𝟔𝐱𝟒

𝟎𝟔𝐱𝟒
⎠⎟
⎟⎟⎞

𝟏𝟎𝐱𝟖
𝐱 =

⎝⎜
⎜⎜⎜
⎜⎜⎛

𝛽௑ଶ𝜎஀ଶ𝛽௒ଶ𝜎஀ଶ𝛽௓ଶ𝜎஀ଶ𝛽௑𝛽௒𝜎஀ଶ𝜎ఌ೉ଶ𝜎ఌೊଶ𝜎ఌೋଶ𝜎ఌ೉ఌೊ ⎠⎟
⎟⎟⎟
⎟⎟⎞

𝟖𝐱𝟏

 (14)

Likewise, the least-squared solution for unknown 𝐱 is solved by Eq (10). 247 

3.1.2. Weight Estimation 248 

Our objective is to predict an uncertain variable, such as transpiration (ET) over time 249 

at a specific location, by utilizing parent products that may contain random errors. 250 

The underlying concept of weighted averaging is to extract independent information 251 

from multiple data sources to enhance prediction accuracy by mitigating the effects of 252 

random errors. The effectiveness of this approach relies on the independence of the 253 



13 
 

individual data sources. Weighted averaging has been applied in various fields 254 

following the influential work of Bates and Granger (1969), which proposed the 255 

optimal combination of forecasts based on a mean square error (MSE) criterion. In 256 

this context, the term "optimal" refers to minimizing the variance of residual random 257 

errors in the least squares sense. Mathematically, this weighted average can be 258 

expressed as follows: 259 

 𝑥 = 𝐖ሬሬሬ⃗ ୘𝐗ሬሬ⃗ = ෍ 𝜔௜𝑥௜ே
௜ୀଵ  (15)

where 𝑥 is the merged estimate; 𝐗ሬሬ⃗ = [𝑥ଵ, … , 𝑥௡]୘ contains the temporally collocated 260 

estimates from 𝑁 different parent products, which are merged with relative zero-mean 261 

random error 𝒆ሬ⃗ = [𝜀ଵ, … , 𝜀௡]୘; and 𝐖ሬሬሬ⃗ = [𝜔ଵ, … , 𝜔௡]୘ contains the weights assigned 262 

to these estimates, where 𝜔௜ ∈ [0,1] and ∑𝜔௜ = 1 ensuring an unbiased prediction. 263 

The averaging weights can be expressed as the solution to the problem: 264 

 min 𝑓൫𝐖ሬሬሬ⃗ ൯ = 𝔼൫𝒆ሬ⃗ ୘𝐖ሬሬሬ⃗ ൯ଶ (16)

where 𝔼() is the operator for mathematical expectation, the solution of this problem is 265 

determined by the individual random error characteristics of the input data sets and 266 

can be derived from their covariance matrix (Bates & Granger, 1969; Alexander 267 

Gruber et al., 2017; Kim et al., 2021): 268 

 
𝐖ሬሬሬ⃗ = ൫𝐈୘𝔼ሺ𝒆ሬ⃗ 𝒆ሬ⃗ ୘ሻିଵ𝐈൯ିଵ𝔼ሺ𝒆ሬ⃗ 𝒆ሬ⃗ ୘ሻିଵ𝐈 𝜎ఌଶೣ = ൫𝐈୘𝔼ሺ𝒆ሬ⃗ 𝒆ሬ⃗ ୘ሻିଵ𝐈൯ିଵ

 
(17)

where 𝔼ሺ𝒆ሬ⃗ 𝒆ሬ⃗ ୘ሻ is the 𝑁 ൈ 𝑁  error covariance matrix that holds the random error 269 

variance 𝜎ఌ೔ଶ  of the parent products in the diagonals and relative error covariances 𝜎ఌ೔ఌೕ 270 

in the off-diagonals; 𝐈 = [1, … ,1]୘  is an ones-vector of length 𝑁 ; and 𝜎ఌଶೣ  is the 271 

resulting random error variances of the merged estimate. 272 

When only two groups of products are used as input (𝑁 = 2), it is generally assumed 273 

that the errors between them are independent. In this case, the weights are as follows: 274 
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𝔼ሺ𝒆ሬ⃗ 𝒆ሬ⃗ ୘ሻ = ቈ𝜎ఌభଶ 00 𝜎ఌమଶ ቉ 

𝜔ଵ = 𝜎ఌమଶ𝜎ఌభଶ + 𝜎ఌమଶ 𝜔ଵ = 𝜎ఌభଶ𝜎ఌభଶ + 𝜎ఌమଶ  
(18)

In most cases, we can identify three sets of products as inputs (𝑁 = 3). In this 275 

scenario, we consider the possibility of error homogeneity, assuming a non-zero ECC 276 

exists between inputs 1 and 2. In this case, the error matrix can be represented as: 277 

 𝔼ሺ𝒆ሬ⃗ 𝒆ሬ⃗ ୘ሻ = ൦ 𝜎ఌభଶ 𝜎ఌభఌమ 0𝜎ఌభఌమ 𝜎ఌమଶ 00 0 𝜎ఌయଶ ൪ (19)

The weights can then be written as: 278 

 
𝐖ሬሬሬ⃗ =

⎩⎪⎪
⎨⎪
⎪⎧ 𝜎ఌమଶ − 𝜎ఌభఌమ൫𝜎ఌభଶ 𝜎ఌమଶ − 𝜎ఌభఌమଶ ൯ ∗ 𝕫𝜎ఌభଶ − 𝜎ఌభఌమ൫𝜎ఌభଶ 𝜎ఌమଶ − 𝜎ఌభఌమଶ ൯ ∗ 𝕫1𝜎ఌయଶ ∗ 𝕫

 

𝕫 = 𝜎ఌభଶ + 𝜎ఌమଶ − 2𝜎ఌభఌమ𝜎ఌభଶ 𝜎ఌమଶ − 𝜎ఌభఌమଶ + 1𝜎ఌయଶ  

(20)

It is essential to acknowledge that before applying these weights for merging the data 279 

sets, it is necessary to address any existing systematic differences. Typically, this is 280 

achieved by rescaling the data sets to a standardized data space. Consequently, the 281 

weights can be derived from the rescaled data sets using Eq (2)-(3) and converge 282 

accordingly. This procedure ensures the accuracy and reliability of the merged data 283 

sets for further analysis. 284 

If ECC is not considered (i.e., setting 𝜎ఌభఌమ = 0 ), Eq (20) represents the weight 285 

calculation method commonly used in most TC fusion studies. This method was 286 

initially applied by Yilmaz et al.(2012) in the fusion of multisource soil moisture 287 

products and later improved by Gruber et al. (2017) and further applied in the 288 

production of the ESA CCI global soil moisture product (Alexander Gruber et al., 289 

2019). Dong et al. (2020b) also adopted this approach to fusing multisource 290 
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precipitation products. In the study of evapotranspiration, Li et al. (2023) and Park et 291 

al.(2023) utilized a weight calculation method that does not consider non-zero ECC 292 

and fused multiple ET products in the Nordic and East Asia, respectively, achieving 293 

satisfactory fusion results. 294 

In contrast to the fusion studies mentioned above, the consideration of non-zero ECC 295 

is incorporated into the fusion process and the weight calculation. Yilmaz and Crow 296 

(2014) have demonstrated that TC underestimates error variances when the zero ECC 297 

assumption is violated. Li et al. (2023), in their evaluation study of global 298 

transpiration products using the collocation method, also indicated the existence of 299 

error homogeneity issues between commonly used products (such as GLDAS and 300 

GLEAM), necessitating the consideration of the influence of non-zero ECC. The 301 

merging technique employed in this study provides a more explicit characterization of 302 

product errors and facilitates the derivation of more reliable weight coefficients, 303 

thereby achieving superior fusion outcomes. 304 

The differences in results are evaluated at the site scale by contrasting the scenarios 305 

without considering non-zero ECC and directly using simple averages to compare and 306 

validate the advantages of the weight calculation method used in our study. 307 

3.2. Partition method 308 

In this study, we applied three distinct methodologies to estimate transpiration (T) 309 

from eddy covariance (EC) datasets: (i) the water use efficiency (uWUE) method 310 

(Zhou et al., 2016); (ii) the Pérez-Priego method (Perez-Priego et al., 2018); (iii) the 311 

Transpiration Estimation Algorithm (TEA) method (Jacob A Nelson et al., 2018). 312 

Each of these methods provides unique insights into this crucial component of the 313 

terrestrial water cycle. We calculated the average values of these three partition 314 

methods to serve as benchmarks for validating site-scale fusion results. 315 

These three methods exhibit disparities in their assumptions, structural design, and 316 

conceptualization disparities. These disparities encompass aspects such as the number 317 
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of parameters employed (one or two in uWUE, depending on the temporal scale, 318 

versus four in Pérez-Priego), parametric versus nonparametric approaches (uWUE 319 

and Pérez-Priego versus TEA), the assumption that transpiration (T) is approximately 320 

equal to evapotranspiration (ET) for some portion of the data (uWUE and TEA versus 321 

Pérez-Priego), and the inclusion of physiological parameters characterizing leaf 322 

carbon-water optimality (Pérez-Priego and uWUE versus TEA). 323 

Our selection of these methods was deliberate, as they are specifically designed to 324 

harness contemporary EC datasets, such as those provided by FLUXNET and its 325 

associated regional networks. These datasets are valuable due to their continuous 326 

measurements of critical variables, including CO2 concentrations, sensible heat flux, 327 

latent heat flux, and meteorological parameters. These variables are recorded at half-328 

hourly or hourly intervals. Leveraging this wealth of data, all three methods rely on 329 

estimates of Gross Primary Productivity (GPP) to partition total evapotranspiration 330 

(ET) into its constituent components, namely, evaporation (E) and transpiration (T). 331 

This partitioning is founded on the fundamental principle that the uptake of CO2 and 332 

the loss of water vapor through transpiration are intricately linked processes regulated 333 

by stomatal conductance in higher plants (Cowan & GD, 1977).  334 

It is essential to acknowledge the existence of alternative approaches for ET 335 

partitioning (Xi Li et al., 2019; Stoy et al., 2019). While these alternative methods 336 

offer valuable tools for specialized applications, they were not subjected to detailed 337 

examination within the scope of this investigation. 338 

3.2.1. The underlying water use efficiency (uWUE) method  339 

The uWUE method, which is the simplest of the three methods to calculate, relies on 340 

estimates of the 𝑢𝑊𝑈𝐸, defined as,  341 

 𝑢𝑊𝑈𝐸 = 𝐺𝑃𝑃 ൈ √𝑉𝑃𝐷𝐸𝑇  (21)

Where VPD is the vapor pressure deficit, we have computed two variants of the 342 
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uWUE metric using half-hourly data: (a) potential uWUEp, determined at an annual 343 

scale by establishing a 95th percentile regression relationship between GPP×√VPD 344 

and ET. This variant characterizes conditions where the carbon gain is maximized 345 

relative to water loss, leading to T≈ET; (b) apparent uWUEa, which is derived as the 346 

linear regression slope within a moving window spanning either one or eight days or 347 

directly from Equation (21) when estimating at a half-hourly resolution, contingent on 348 

the desired smoothing level and data availability. In the case of uWUEp, it is assumed 349 

to remain constant throughout the year, aligning with the notion of maximum carbon 350 

gain to water loss, as demonstrated across a diverse range of sites and associated with 351 

stomatal optimality (Lin et al., 2018). T/ET is then estimated as: 352 

 
𝑇𝐸𝑇 = 𝑢𝑊𝑈𝐸௔𝑢𝑊𝑈𝐸௣ (22)

3.2.2. The Pérez-Priego method 353 

The Pérez-Priego method (Perez-Priego et al., 2018) employs a comprehensive "big 354 

leaf" model incorporating four distinct parameters within a 5-day moving window. 355 

These parameters are intricately linked to the response of canopy conductance to 356 

vapor pressure deficit (VPD), photosynthetically active radiation (PAR), and 357 

temperature. Additionally, they govern the response of the maximum photosynthetic 358 

rate to VPD and ambient CO2 levels. A notable aspect of this method is its 359 

incorporation of the leaf optimality concept, wherein the maximization of carbon gain 360 

relative to water loss is a central objective. This is achieved by integrating a penalty 361 

mechanism within the cost function for parameters that yield suboptimal leaf carbon-362 

water optimality. 363 

The Pérez-Priego method presents a practical and physiologically grounded 364 

framework for partitioning water fluxes. It holds considerable applicability across 365 

diverse flux measurement sites, biomes, and plant functional types. Notably, this 366 

approach is a valuable complement to long-term flux measurements such as those 367 
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obtained through FLUXNET. An additional advantage of this method lies in its 368 

capacity to unveil the underlying mechanisms driving plants to adapt and exhibit 369 

distinct behaviors under varying environmental conditions. 370 

3.2.3. The transpiration estimation algorithm (TEA) method  371 

The TEA method (Jacob A Nelson et al., 2018) employs a nonparametric modeling 372 

approach, leveraging the random forest technique to forecast Water Use Efficiency 373 

(WUE), denoted as the ratio of Gross Primary Productivity (GPP) to Transpiration (T). 374 

This modeling framework is trained on ecosystem-level WUE (𝑊𝑈𝐸௘௖௢), the ratio of 375 

GPP to Evapotranspiration (ET), specifically during periods within the growing 376 

season and under conditions where surfaces are anticipated to dry, indicates minimal 377 

E/ET ratios. The model employs a filtering process based on precipitation input and 378 

ET values calculated within a shallow bucket water balance scheme to identify 379 

periods characterized by wet surfaces. Subsequently, the random forest model, trained 380 

on 𝑊𝑈𝐸௘௖௢ data derived from the filtered periods, is applied to predict WUE values 381 

for the entire time series under investigation: 382 

 𝑊𝑈𝐸்ா஺ = 𝑅𝐹ሺ𝑅௚, 𝑇௔௜௥, 𝑅𝐻, 𝐶𝑆𝑊𝐼, 𝐺𝑃𝑃, … ሻ (23)

Where 𝑅௚  is the incoming radiation, 𝑇௔௜௥  is the air temperature, 𝐶𝑆𝑊𝐼  is the 383 

conservative surface wetness index. 𝐺𝑃𝑃  and 𝑇𝑎𝑖𝑟  filters were designed to ensure 384 

plants are active while 𝑅௚ filters remove nighttime values. The 𝐶𝑆𝑊𝐼 filter attempts 385 

to remove periods where the surface is likely wet. A critical aspect of our 386 

methodology is the selection of the 75th percentile as the optimal prediction percentile. 387 

This choice was based on rigorous evaluation against synthetic data generated by 388 

three terrestrial biosphere models, demonstrating its superior performance. 389 

3.2.4. Application of partition methods  390 

The three methods were implemented using the Python code generously provided by 391 

Nelson et al. (2020), which is accessible in the associated repository located at 392 
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https://github.com/jnelson18/ecosystem-transpiration, complete with a tutorial. Our 393 

approach for the uWUE method involved estimating uWUEp annually and deriving 394 

uWUEa using an 8-day moving window. In the case of the Pérez-Priego method, we 395 

performed daily parameter optimization using a 5-day moving window, which was 396 

designed to contain high-quality data. The TEA method was applied per the procedure 397 

outlined in Nelson et al. (2018).  398 

It is worth highlighting that the estimation procedure employed for the Pérez-Priego 399 

method did not consistently yield satisfactory solutions for the parameters. 400 

Consequently, this occasionally resulted in erratic values for transpiration, thereby 401 

impeding the generation of continuous T estimates. In contrast, more extensive and 402 

robust T estimations were obtainable through the TEA and uWUE methods. As a 403 

result, we relied on the average values produced by all three methods, acknowledging 404 

that there were periods during which only the TEA and uWUE methods were 405 

applicable. This averaged dataset served as the benchmark against which we 406 

evaluated the performance of the merged results. 407 

3.3. Evaluation indices 408 

Five statistical indicators, namely Root-mean-squared-error ሺ𝑅𝑀𝑆𝐸ሻ , Pearson's 409 

correlation coefficient (𝑅), Mean-absolute-error (𝑀𝐴𝐸), unbiased 𝑅𝑀𝑆𝐸 (𝑢𝑏𝑅𝑀𝑆𝐸) 410 

and Kling-Gupta Efficiency ( 𝐾𝐺𝐸 ), are selected for comparison with existing 411 

products. The relative equations are shown as follows: 412 

 𝑅𝑀𝑆𝐸 = ඨ∑ ሺ𝑠𝑖𝑚௜ − 𝑜𝑏𝑠௜ሻଶ௡௜ୀଵ 𝑛  
 
(24) 

 
𝑅 = ∑ ൫𝑠𝑖𝑚௜ − 𝑠𝑖𝑚൯௡௜ୀଵ ൫𝑜𝑏𝑠௜ − 𝑜𝑏𝑠൯ට∑ ൫𝑠𝑖𝑚௜ − 𝑠𝑖𝑚൯ଶ௡௜ୀଵ ∑ ൫𝑜𝑏𝑠௜ − 𝑜𝑏𝑠൯ଶ௡௜ୀଵ  

−1 ൑ 𝑅 ൑ 1 

 

(25) 

 𝑀𝐴𝐸 = 1𝑛 ෍ |𝑠𝑖𝑚௜ − 𝑜𝑏𝑠௜|௡
௜ୀଵ  

(26) 
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 𝑢𝑏𝑅𝑀𝑆𝐸 = ඨ∑ ൣ൫𝑠𝑖𝑚௜ − 𝑠𝑖𝑚൯ − ൫𝑜𝑏𝑠௜ − 𝑜𝑏𝑠൯൧ଶ௡௜ୀଵ 𝑛  
(27) 

Where 𝑠𝑖𝑚 is the simulations, 𝑜𝑏𝑠 is the observation as reference. 413 

The modified 𝐾𝐺𝐸  (Kling et al., 2012) addressed several shortcomings in Nash-414 

Sutcliffe Efficiency (𝑁𝑆𝐸) and are increasingly used for calibration and evaluation 415 

(Knoben et al., 2019), given by: 416 

 𝐾𝐺𝐸 = 1 − ඥሺ𝑟 − 1ሻଶ + ሺ𝛽 − 1ሻଶ + ሺ𝛾 − 1ሻଶ  (28) 

Where 𝑟 is the correlation coefficient between simulation and observation, 𝛽 = ఙ೚್ೞఙೞ೔೘ is 417 

the bias ratio (dimensionless), 𝛾 = ஼௏ೞ஼௏೚ = ఙೞ೔೘/ఓೞ೔೘ఙ೚್ೞ/ఓ೚್ೞ  is the variability ratio 418 

(dimensionless), 𝜇 is the mean, and 𝜎 is the standard deviation. Similar to 𝑁𝑆𝐸, 𝐾𝐺𝐸 419 

= 1 indicates perfect agreement of simulations, while 𝐾𝐺𝐸 < 0  reveals that the 420 

average of observations is better than simulations (Kling et al., 2012; Towner et al., 421 

2019). 422 

4. Results 423 

In this study, we aimed to meticulously assess the performance of fused products at 424 

both site-specific and global scales. We evaluated the fused products at the site level 425 

by comparing them against mean transpiration (T) estimates obtained through three 426 

partitioning methods at selected FLUXNET sites. These assessments were further 427 

juxtaposed with other product variants, including simple averages and conditions that 428 

omitted considering non-zero eddy covariance correction (ECC). We scrutinized the 429 

spatial variations in land surface transpiration computed by the fused products 430 

globally, drawing comparisons with input results. 431 

4.1. EIVD-based error analysis  432 

We first analyzed the random error variance of the input products computed using the 433 

EIVD method. Here, we assumed a scenario where random errors were 434 
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homoscedastic between GLDAS and GLEAM. The remaining potential ECC 435 

scenarios were also calculated using the EIVD method and were analyzed in the 436 

discussion section. 437 

 438 

FIGURE.1 Global distribution of random error variances (𝜎ఌ೔ଶ ) of GLDAS, GLEAM, 439 

and PMLv2 using EIVD at 0.1° from 2000 to 2000, depicted alongside corresponding 440 

variation curves of average with latitude. 441 

Figure 1 depicts the random errors of the products calculated using the EIVD method 442 

from 2000 to 2020 at 0.1°, where a non-zero ECC is assumed between GLDAS and 443 

GLEAM. The global random error variances (mean±standard deviation) obtained 444 

using the EIVD method were as follows: GLDAS: 0.36±0.43 mm/day, GLEAM: 445 

0.29± 0.35 mm/day, PMLv2: 0.13± 0.16 mm/day. These results indicated that 446 

PMLv2 performed best overall, while GLDAS performed the poorest. Regarding the 447 



22 
 

global spatial distribution, GLDAS exhibited high random errors in Central South 448 

America, Southern Africa, Southeast Asia, and South Asia. GLEAM similarly showed 449 

poorer performance in Central South America and Indonesia. 450 

In contrast, PMLv2 demonstrates minor errors on a global scale, particularly excelling 451 

in the Amazon region. Li et al. (2023) analyzed the performance of GLDAS and 452 

GLEAM at a 0.25° resolution using the EIVD method. Although they employed 453 

different triplets to calculate the EIVD results, the spatial distribution of random 454 

errors for GLDAS and GLEAM obtained in their study were similar, indicating that 455 

GLDAS exhibits more significant errors than others. 456 

The latitudinal distribution revealed that overall, PMLv2 outperformed GLEAM and 457 

GLDAS. There could be two reasons for this phenomenon: (1) PMLv2 employed a 458 

transpiration calculation model that considered vegetation stomatal conductance, 459 

offering a more physically grounded approach. Additionally, it utilized observational 460 

data from flux stations for calibration and correction, providing a more robust 461 

physical basis (Zhang et al., 2019); (2) In this study, the data from GLDAS and 462 

GLEAM were interpolated from 0.25° to 0.1°, which involves a straightforward 463 

statistical downscaling process that may introduce some uncertainty. This aspect will 464 

be discussed further in the subsequent sections. 465 

4.2. Site-scale evaluation 466 

At the site scale, this study used the average transpiration values calculated using 467 

three different ET partitioning methods as benchmarks to evaluate the performance of 468 

the fused products. Simultaneously, the results were compared between three input 469 

data sets and TC-merged results (without considering non-zero ECC conditions). 470 

Figure 2 corresponds to Table 2, where statistical parameters were computed by 471 

pooling data from all sites. Similarly, Figure 3 corresponds to Table 3, where 472 

statistical parameters were computed separately for each site and then analyzed. 473 



23 
 

 474 
FIGURE.2 Scatter plots of products corresponding to the available period data from 475 

FLUXNET sites. The color bar represents the density, with darker colors indicating 476 

higher concentration, with "SA" indicating the results based on the simple average. 477 

The findings depicted in Figure 2 underscored the enhanced accuracy achieved by the 478 

EIVD method in transpiration estimation through fusion. Notably, the fusion 479 

outcomes exhibited marked improvements across multiple parameters compared to 480 

three sets of products. These improvements were evident in correlation metrics, where 481 

the Pearson coefficient for the fusion results reached 0.72, and the KGE registered at 482 

0.66, surpassing the input data's performance. Error metrics also reflected these 483 

advancements, with the fusion results displaying lower RMSE, ubRMSE, and MAE 484 

values than the input datasets. These findings indicated that applying the EIVD 485 

method in fusion effectively mitigated errors associated with the inputs, resulting in 486 

more promising outcomes. 487 

Furthermore, when comparing the results of the EIVD method with those of the 488 

Simple Average (SA) and TC fusion methods, all three fusion approaches exhibited 489 

enhancements in correlation metrics (as indicated by KGE and R). However, the 490 

EIVD method notably reduced errors, including RMSE and other measures. EIVD 491 

fusion results were superior to TC fusion results, suggesting that considering non-zero 492 
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ECC was meaningful for fusion based on collocation analysis. Additionally, while the 493 

SA method could achieve decent fusion results, it was observed that a significant 494 

portion of points clustered around the x-axis. This clustering phenomenon may be 495 

attributed to the prevalence of estimation values close to zero in GLDAS or GLEAM. 496 

Consequently, these findings indicate that the SA method did not emerge as the 497 

optimal fusion approach in this study, with the EIVD method proving to be a more 498 

reliable alternative. 499 

Table.2 Average values of different metrics. The bolded sections indicate the results 500 

with the best performance in their respective metrics. 501 

Product RMSE 
(mm/d)

ubRMSE 
(mm/d)

MAE 
(mm/d) KGE R 

0.1°-daily 

EIVD-Merged 0.66 0.65 0.45 0.66 0.72 
TC-Merged 0.95 0.83 0.68 0.52 0.68 

SA 0.76 0.74 0.51 0.65 0.69 

GLDAS21 0.94 0.93 0.60 0.56 0.65 
GLEAMv3.7a 0.96 0.88 0.70 0.50 0.61 
PMLv2.017 0.73 0.72 0.50 0.66 0.68 

The information in Table 2 corresponded to Figure 2, with the bolded sections 502 

corresponding to the products that performed the best in their respective statistical 503 

metrics. The results indicated that the fused data obtained in this study showed strong 504 

performance across various indicators at the site scale when averaging using three ET 505 

partition methods as a benchmark. Furthermore, the performance of PMLv2 was 506 

notably impressive. Although this product solely used FLUXNET data for ET 507 

correction (Zhang et al., 2019), it theoretically enhanced its transpiration estimation, 508 

which could potentially explain the strong performance observed in the PMLv2 509 

product. 510 

Figure 3 corresponds to Table 4. Statistical parameters were computed separately for 511 

each site, and the results were used to generate violin graphs. Our findings 512 

demonstrated that, within the scope of this study, the fused transpiration product 513 

consistently outperformed the three sets of inputs, as well as the simple average (SA) 514 
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and TC methods, across a diverse range of performance metrics. Regarding 515 

correlation metrics, the fused product exhibited higher KGE scores than the other 516 

products and combinations. While the R index was slightly lower when compared to 517 

the PMLv2 method, this aligned with the observed trends in Figure 3. When 518 

examining error metrics, the fused results consistently exhibited superior performance, 519 

thus reinforcing the conclusion that the EIVD-based fusion method, accounting for 520 

non-zero ECC, effectively mitigated errors in transpiration estimation. 521 
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 522 

Figure.3 Violin plots obtained by aggregating five different statistical indicators, 523 

calculated separately for each site. In each violin plot, the left side represents the 524 

distribution, with the shaded area indicating the box plot, the dot representing the 525 
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mean, and the right side showing the histogram. 526 

Table.3 Average values of indicators corresponding to different products, calculated 527 

based on the comprehensive results obtained for each site. The bolded sections 528 

indicate the schemes with the best performance in their respective metrics. 529 

Product RMSE 
(mm/d) 

ubRMSE 
(mm/d) 

MAE 
(mm/d) KGE R 

0.1°-daily 

EIVD-Merged 0.56 0.29 0.44 0.40 0.74 

TC-Merged 0.65 0.37 0.56 0.33 0.72 

SA 0.60 0.38 0.49 0.37 0.68 

GLDAS21 0.71 0.31 0.62 0.32 0.71 
GLEAMv3.7a 0.65 0.37 0.54 0.36 0.73 
PMLv2.017 0.63 0.54 0.50 0.35 0.77 

Table 3 presents the average results of different statistical indicators, with the 530 

corresponding optimal products highlighted in bold. The fusion results demonstrated 531 

promising performance across all indicators, especially in reducing overall errors, as 532 

indicated by the error metrics. 533 

 534 
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 535 
Figure.4 Average value of five statistical indicators for FLUXNET sites classified by 536 

PFTs. Each row represents the value for the merged product, simple-averaged (SA) 537 

result, three input datasets and TC-based results at relative sites with the same PFT. 538 

The bold value indicates the best performance for the relative indicator. 539 

Additionally, we calculated statistical parameter averages for sites with the same 540 

PFTs based on information from 199 FLUXNET site data sources and generated a 541 

heatmap, as shown in Figure 4. The results showed that the merged product 542 

performed the best in almost all PFT categories, as indicated by various indicators. 543 

While on sites where other products performed better, merged-product indicators 544 
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were comparable to the optimal products, albeit slightly inferior. This indicated that 545 

our fusion approach effectively combined the advantages of different products, 546 

resulting in superior fusion results across different vegetation types. 547 

 548 
Figure.5 Box plots of daily transpiration estimates of three input datasets and the 549 

merged product at the same PFT sites from 2000 to 2020. 550 

The estimation results of different products at the same PFT site were further 551 

analyzed. It can be observed that GLDAS consistently showed lower values compared 552 

to PMLv2 and GLEAM at all sites, especially at EBF and CSH sites, with the median 553 

values differing by more than twice. The fused results obtained in this study generally 554 

fall between PMLv2 and GLEAM at most sites, with relatively higher values at EBF 555 

sites. There are significant differences among the different products. 556 

In summary, our study, founded on the computation of average transpiration values 557 

through three distinct ET partitioning methods across 199 FLUXNET sites, entailed a 558 

comprehensive benchmark analysis of the merged outcomes. This analysis 559 

convincingly established the robust alignment of our merged results with the 560 

reference data. Furthermore, through meticulous product performance comparisons at 561 

each site, we underscored the accuracy and minimal errors associated with our 562 

merged results. These findings highlighted that our merged outcomes consistently 563 

exhibited equivalent or slightly enhanced precision compared to existing products, 564 

including those grounded in simple averaging techniques and TC-merged approaches. 565 
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4.3. Global comparison 566 

This section compared multi-year average daily transpiration distributions at 0.1° 567 

between the merged results and alternative products. The presented results were 568 

derived from calculations utilizing data from 2000 to 2020 to ensure consistency. 569 

 570 
FIGURE.6 Global distribution of multi-year daily average transpiration at 0.1° for 571 

merged results, GLDAS, GLEAM and PMLv2, depicted alongside corresponding 572 

variation curves of average with latitude. 573 

The results in Figure 6 indicated significant differences in the multi-year daily 574 

average distribution of global transpiration among different products, reaffirming the 575 
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imperative need for data fusion. The multi-year daily transpiration results for different 576 

products were as follows (mean ± standard deviation): Merged result: 0.79±0.79 577 

mm/day, GLEAM: 0.89±0.85 mm/day, GLDAS: 0.91±0.61 mm/day, and PMLv2: 578 

0.68±0.75 mm/day. 579 

Across varying products, long-term average transpiration exhibited relatively 580 

consistent variations with latitude, with the merged dataset generally tracking with 581 

PMLv2 and GLEAM. However, GLDAS exhibited notably diminished values in 582 

equatorial regions compared to other products, including the fused results. Spatial 583 

analysis further unveiled that GLDAS consistently provided the lowest estimates for 584 

transpiration in tropical regions among the various product sets. Conversely, GLDAS 585 

values appeared elevated near 20°N, a phenomenon potentially attributed to the 586 

absence of estimates for the Sahara Desert and the Arabian Peninsula. Consequently, 587 

this data gap increased means along this latitude relative to other products. A parallel 588 

overestimation by GLDAS was discernible near the 60°N latitude, with concurrent 589 

data gaps evident in Central Asia at this latitude. 590 

In summary, the multi-year average transpiration data derived from the fused results 591 

demonstrated a reasonable alignment with spatial distribution patterns and latitude-592 

related trends, highlighting the robustness of the fusion methodology in addressing 593 

discrepancies among different product sources. 594 

5. Discussion 595 

5.1. Improved Data Fusion with ECC Consideration 596 

This study employed a collocation analysis-based multisource merging approach that 597 

considers non-zero ECC, a critical factor often overlooked in previous fusion methods 598 

(Xueying Li et al., 2023; Park et al., 2023). Our comparative analyses, encompassing 599 

both theoretical and empirical assessments, unequivocally demonstrate the profound 600 

impact of ECC inclusion on enhancing the reliability of merged data compared to the 601 
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conventional TC method. Theoretical underpinnings of collocation analysis, which 602 

evaluate the similarity among triple or quadruple inputs through cross-correlation 603 

metrics, play an important role in quantifying product errors, particularly in the 604 

absence of ground truth. The presence of familiar sources of random errors among 605 

inputs can lead to undesirable interference (M. Tugrul Yilmaz & Crow, 2014), 606 

particularly in the context of multisource data weight calculations, resulting in 607 

heightened uncertainties.  608 

Non-zero ECC conditions introduce more substantial bias in the results mainly due to 609 

two reasons: (1) they cannot be mitigated by rescaling; (2) they cannot be 610 

compensated even with equal magnitude for all inputs; and (3) they have been 611 

frequently reported in recent studies for various variables (A. Gruber et al., 2016; C. 612 

Li et al., 2018, 2022). Within our site-scale analysis, we compared merging 613 

techniques employing EIVD and TC methodologies (Figure 2 and Figure 3). The 614 

improvement in merging outcomes and the substantial reduction in product errors 615 

underscore the profound significance of considering ECC. It is worth noting that 616 

while this study assumed the existence of non-zero ECC conditions between GLEAM 617 

and GLDAS, it is plausible that non-zero ECC conditions also exist between other 618 

pairs. Consequently, we present the EIVD-based ECC results for various pairs, 619 

highlighting our findings' broader applicability and impact. 620 
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 621 
FIGURE.7 Global Distribution of estimated error cross-correlation (ECC) between 622 

GLDAS, GLEAM, and PMLv2 pairwise using EIVD alongside relevant variation 623 

curves of average with latitude. 624 

As depicted in Figure 7, the ECC values of GLDAS and GLEAM were notably higher 625 

than those of PMLv2-GLDAS and PMLv2-GLEAM. The global average ECC values 626 

for different pairs were as follows (mean ± standard deviation): GLDAS-GLEAM: 627 

0.22±0.30, PMLv2-GLEAM: 0.06±0.10, and PMLv2-GLDAS: 0.08±0.13. The 628 

results of the ECC indicated the presence of correlated random errors between 629 

GLEAM and GLDAS. These errors arose from the shared utilization of driving data, 630 

such as radiation and air temperature data sourced from ERA-Interim and ESA CCI 631 

SM v2.3 soil moisture data, contributing to the observed correlation between these 632 

two products. In contrast, ECC values for PMLv2 concerning GLDAS and GLEAM 633 
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were relatively small. Some error correlation was noted between PMLv2 and GLDAS, 634 

likely due to using GLDAS2.0 data in the PMLv2 driver, while this study employed 635 

GLDAS2.1 data. Importantly, considering that the mean ECC between PMLv2 and 636 

GLDAS was less than 0.1, it can be reasonably inferred that this correlation had an 637 

insignificant impact on the results of the collocation analysis. 638 

To summarize, the results of the ECC analysis supported the assumption of non-zero 639 

ECC between GLDAS and GLEAM in this study. This finding underlines the 640 

robustness of the random error variance in the products obtained through the EIVD 641 

methodology. In future research, incorporating more input datasets within an ECC 642 

fusion framework, along with a comprehensive evaluation of the strengths and 643 

weaknesses of different products, could lead to developing a more robust transpiration 644 

benchmark. 645 

5.2. Potential uncertainty during data processing and evaluation 646 

This study introduced two more potential sources of error. Firstly, data source errors 647 

arose from the statistical interpolation utilized for input data. Secondly, errors were 648 

associated with our analysis's partition methods employed as references. 649 

We explained our approach in the Data and Methods sections, which involved 650 

downscaling the GLDAS and GLEAM datasets from 0.25° to 0.1° using statistical 651 

techniques. Additionally, we upscaled PMLv2 from 0.083° to 0.1° to ensure 652 

consistent spatial resolution across datasets. However, it is worth noting that our 653 

downscaling process did not incorporate supplementary information such as elevation, 654 

land cover changes, and other meteorological factors. Consequently, some errors in 655 

the statistical downscaling may exist compared to more intricate methodologies 656 

(Hernanz et al., 2023). Nevertheless, it is reassuring to highlight that our study yielded 657 

reliable transpiration estimates characterized by reasonable spatial patterns and 658 

consistent trends over multiple years. For future research endeavors, incorporating 659 

elevation and other pertinent data into the downscaling and upscaling procedures, 660 
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possibly through methods like random forests, could offer potential enhancements in 661 

accuracy. 662 

The sources of errors in our analysis were also linked to variations stemming from 663 

different partitioning methods. In our site-scale assessment of the fused results, we 664 

utilized mean transpiration values derived from three sets of ET partitioning methods 665 

as our reference benchmark. As outlined in the methodology section, these three 666 

methods exhibited some differences, particularly in their assumptions regarding 667 

specific conditions for T≈ET. Consequently, relying solely on the results from a 668 

single partitioning method as a reference would not have provided a sufficiently 669 

reliable basis for our evaluations (Xi Li et al., 2019). Therefore, we chose to use the 670 

average values as our reference standard. It is important to note that numerous other 671 

ET partitioning methods were available (Stoy et al., 2019), and in this study, we 672 

selected three commonly used ones. Utilizing results from alternative methods as 673 

references could have led to different conclusions. 674 

5.3. Validation, Potential Applications, and Future Enhancements  675 

In this study, our primary focus centered on site-scale validation against partitioned 676 

results from FLUXNET sites. However, with the continual advancement and 677 

increasing availability of sap flow observations, offering a more direct approach for 678 

assessing transpiration estimates, the integration of sap flow data holds significant 679 

promise for further enhancing our product's validation and overall quality. Notably, 680 

recent work by Bittencourt et al. (2023) successfully validated the reliability of 681 

GLEAM transpiration products utilizing SAPFLUXNET data (Poyatos et al., 2021). 682 

Their study introduced a data-processing approach, enabling SAPFLUXNET data as 683 

benchmarks. Nevertheless, it is essential to acknowledge that their findings also 684 

emphasized the inherent uncertainty in sap flow data. Therefore, we advocate for a 685 

comprehensive comparison between observed and estimated variations, as 686 

demonstrated in their study using Z-scores. In summary, we maintain that the site 687 



36 
 

references chosen in this study were relatively robust. However, future investigations 688 

may consider exploring alternative reference sources to provide insights into potential 689 

disparities when incorporating sap flow data into the analysis. 690 

Turning our attention to potential applications of our product, we propose three key 691 

avenues. (i) Global Transpiration Trends: Our product offers insights into current 692 

transpiration patterns and enables the examination of multi-year trends in global 693 

transpiration. Such long-term trends are essential in understanding how ecosystems 694 

respond to changing environmental conditions, especially in the context of a warming 695 

climate; (ii) Transpiration-to-Evapotranspiration Ratio: Beyond trends in global 696 

transpiration, our product provides another metric—the ratio of transpiration to 697 

evapotranspiration. Understanding variations in this ratio can lead to more efficient 698 

water resource management strategies and improved predictions of water availability 699 

in different regions; (iii) Attribution Analysis: Our product can serve as a valuable 700 

tool for attribution analysis, helping researchers identify the drivers behind 701 

transpiration patterns. This knowledge is vital for disentangling the roles of climate 702 

variability, land-use changes, and other factors in shaping terrestrial water fluxes. 703 

We have outlined a proactive approach to future updates in our ongoing commitment 704 

to providing a robust and reliable transpiration product. First and foremost, we will 705 

rigorously validate and incorporate more reliable datasets into our fusion process. 706 

This validation ensures that the data sources we integrate meet high-quality standards. 707 

Furthermore, as the scientific community continually improves and updates input 708 

datasets, we are dedicated to promptly adapting our product to accommodate the latest 709 

versions. This agility ensures that our transpiration estimates remain up-to-date and 710 

reflect the most current scientific understanding. 711 

6. Conclusion 712 

Vegetation transpiration played a pivotal role in the terrestrial water cycle, and precise 713 

estimation became indispensable for comprehending and scrutinizing water cycle 714 
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alterations. In this study, we applied the collocation analysis method, grounded in the 715 

EIVD approach that accounted for non-zero ECC conditions, to examine random error 716 

variances within three datasets: GLDAS, GLEAM, and PMLv2. Subsequently, we 717 

conducted data fusion to acquire global daily gridded transpiration data of 0.1° from 718 

2000 to 2020. The primary findings of this investigation include: 719 

1. The collocation analysis method can effectively be used for error analysis of 720 

global-scale transpiration products. The calculated random error variances can be 721 

used for further data fusion when considering the correlation of random errors in 722 

the products. 723 

2. At the site scale, compared to the mean transpiration estimated by three 724 

commonly used ET partition methods as a reference, the fused product shows 725 

improved accuracy, especially a significant reduction in errors compared to the 726 

results of simple averaging and traditional TC fusion without considering non-727 

zero ECC. 728 

3. The fused results perform better than other products for different Plant Functional 729 

Types (PFTs). In some sites, PMLv2 exhibits superior performance, partly 730 

validated by its use of FLUXNET site data for calibration, supporting the 731 

reliability of the fused results. 732 

4. Significant differences emerged among different products when examining the 733 

global multi-year average transpiration distribution. The fused results displayed a 734 

more reasonable distribution, closely resembling the distributions of PMLv2 and 735 

GLEAM. Nevertheless, some disparities were evident compared to GLDAS 736 

results, particularly in tropical regions. 737 

5. When utilizing the error information derived from collocation analysis for 738 

merging, it is crucial to consider the potential presence of non-zero ECC. 739 

Comparing the merging schemes with and without considering non-zero ECC, it 740 

was found that considering ECC improves the accuracy of the merging process. 741 

Additionally, when using collocation analysis, it is necessary to identify which 742 
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products may have ECC in advance, providing more effective support for data 743 

merging and obtaining more accurate product error information.  744 

In conclusion, our collocation-based data merging approach demonstrated promising 745 

potential for merging transpiration products. The resulting product exhibited good 746 

overall performance and met the requirements for more detailed research. Additional 747 

evaluation of the merged product in specific regions improved its accuracy. In future 748 

studies, dynamic weights were computed by considering suitable merging periods for 749 

different products to enhance the quality of the merged product, and more 750 

sophisticated combination schemes were explored to improve accuracy. 751 
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