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Abstract: Upscaling in situ leaf area index (LAI) measurements to the footprint scale is 

important for the validation of medium resolution remote sensing products. However, 

surface heterogeneity and temporal variation of vegetation make this difficult. In this study, 

a two-step upscaling algorithm was developed to obtain the representative ground truth of 

LAI time series in heterogeneous surfaces based on in situ LAI data measured by the wireless 

sensor network (WSN) observation system. Since heterogeneity within a site usually arises 

from the mixture of vegetation and non-vegetation surfaces, the spatial heterogeneity of 

vegetation and land cover types were separately considered. Representative LAI time series 

of vegetation surfaces were obtained by upscaling in situ measurements using an optimal 

weighted combination method, incorporating the expectation maximum (EM) algorithm to 

derive the weights. The ground truth of LAI over the whole site could then be determined 

using area weighted combination of representative LAIs of different land cover types. The 

algorithm was evaluated using a dataset collected in Heihe Watershed Allied Telemetry 

Experimental Research (HiWater) experiment. The proposed algorithm can effectively 

obtain the representative ground truth of LAI time series in heterogeneous cropland areas. 
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Using the normal method of an average LAI measurement to represent the heterogeneous 

surface produced a root mean square error (RMSE) of 0.69, whereas the proposed algorithm 

provided RMSE = 0.032 using 23 sampling points. The proposed ground truth derived 

method was implemented to validate four major LAI products. 

Keywords: upscaling algorithm; leaf area index (LAI); in situ measurement; ground truth; 

Heihe River basin 

 

1. Introduction 

The leaf area index (LAI), defined as half the total developed area of green leaves per unit ground 

horizontal surface area [1], is an essential vegetation parameter and plays an important role in crop 

growth monitoring, yield estimation, ecosystem productivity, and land surface modeling [2–8]. Remote 

sensing methods provide an effective way to acquire LAI with different spatial and temporal  

resolutions [9]. Several medium resolution remote sensing LAI products (250 m–1 km) have been 

produced, such as MODIS (Medium Resolution Imaging Spectrometer) [10], GEOV1 [11], and  

GLASS [12], and extensively applied in monitoring seasonal and interannual variation of LAI over 

regional to global domains. However, the LAI products must be validated against in situ measurements 

to provide the uncertainties associated with these products, which are essential for their application and 

improvement of the LAI inversion algorithm [13,14]. 

Validation of LAI products is a very difficult task, particularly regarding their kilometric spatial 

resolution and vegetation dynamic changes [14]. The remote sensing footprint is much larger than the 

representative area of in situ LAI measurement due to surface heterogeneity; therefore, a pragmatic 

approach is required to upscale in situ measurements to the scale of the satellite footprint. There are two 

major upscaling schemes for validation of LAI products. The simplest is to average a number of in situ 

LAI measurements to present the ground truth. This method is promising when a sufficient number of 

sampling points are available and the site is homogeneous over a large area [15]. However, surface 

heterogeneity is generally present in medium resolution footprints, and an alternative approach is the 

bridging method based on the use of high resolution remote sensing images [14,16]. The high resolution 

map of LAI is first estimated generally based on an empirical transfer function between the radiometric 

signal and a number of LAI data measured in the whole site. This map is then applied to obtain the 

ground truth by aggregation of the LAI estimates. Although the bridging method has been recognized as 

an effective way to obtain the ground truth in the guidelines of the Land Product Validation (LPV) 

subgroup of the Committee Earth Observing Satellite (CEOS) [14] and widely used in validation  

studies [17–25], its feasibility is influenced by the limited number of high resolution images due to low 

temporal resolution and cloud aerosol contamination. In addition, the accuracy of the LAI map is 

impacted by the representativeness of the sampling points for the whole site [16]. 

Another issue is the in situ LAI measurements. LAI can be measured by direct or indirect methods, 

but the direct methods are time consuming and cannot be applied routinely [26]. Hence, remote sensing 

LAI validation experiments rely largely on indirect measurements using optical instruments rather than 

direct measurements [14]. However, the indirect method is still labor intensive and difficult for obtaining 
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a large number of LAI data over such a large space and a short time period constrained by the satellite 

revisit time. Therefore, very few validation studies show repeated measurements along the year or 

between years. There are usually one or two high resolution maps of LAI for a given year and site close 

to the maximum vegetation development [16–23]. The temporal mismatch between ground based 

measurement and LAI products can produce uncertainty in validation due to dynamic change of 

vegetation, especially crops [27–29]. 

The CEOS LPV defines a hierarchical four stage validation approach for the requirement of user 

communities [30]. LAI products reach stage 2 validation and a dataset of 113 reference values has been 

acquired through significant international LAI validation activity over several years [30]. However, this 

is still limited in space and especially in time, which restricts the opportunity to reach a higher validation 

stage [31]. Some researchers have sought to use the operational algorithms of medium resolution LAI 

products or advanced sensors with both frequent revisit capacity and decametric spatial resolution to 

solve this problem [32–35]. However, ultimately all LAI estimates must be evaluated against in situ  

LAI measurements. 

The ground based measurement method based on wireless sensor networks (WSN) technology is a 

suitable method for validation and provides a good opportunity to evaluate the temporal consistency of 

remote sensing products [36–38]. The WSN technology allows spatially distributed ground instruments, 

and can perform automatic temporal monitoring, greatly reducing labor and time costs. In addition, this 

measurement method is lower cost than commonly used optical instruments, which is critical for ground 

validation experiments. Qu et al. [39,40] designed the LAINet observation system for LAI measurements 

based on WSN technology and commenced upscaling these measurements using the bridging method. 

Qin et al. [41] developed an effective upscaling method for in situ soil moisture measured by the WSN 

method, which obtained the temporally continuous ground truth of soil moisture. Further studies are 

required to confirm if this upscaling method is effective for LAI in heterogeneous surfaces. 

The objective of this paper was to upscale in situ LAI measurements from the LAINet system to 

obtain the continuous representative ground truth of LAI in heterogeneous surfaces. The temporal 

continuous LAI over the period of a crop growth season was called LAI time series, to distinguish it 

from the separately distributed ground truth over time. Section 2 briefly described the study area and the 

collected dataset including in situ LAI data, ASTER (Advanced Spaceborne Thermal Emission and 

Reflection), provided by Heihe Watershed Allied Telemetry Experimental Research (HiWater) 

experiment. The field experiment was conducted over a 4 km × 4 km area composed of cropland and 

various non-vegetation types in the Yingke irrigation district in the arid regions of the middle Heihe 

River, northwest China in 2012. In Section 3, the two-step upscaling algorithm was proposed, 

considering the heterogeneity of the site from different land cover types. We scaled up in situ 

measurements with optimal weights to obtain the representative LAI time series of vegetation surface. 

A cost function was established constrained by ancillary information extracted from ASTER images and 

the concurrent in situ LAI measurements. The expectation maximum (EM) optimization algorithm was 

used to determine the weights from this minimization problem. We then scaled up the representative 

LAI of different land cover types with area weighted method to present the ground truth of LAI over the 

whole site. In Section 4, the upscaling algorithm was evaluated in the cropland area and the derived 

ground truth of LAI was used to validate the LAI products. The results were discussed in Section 5, 

before providing our conclusions in the final section. 
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2. Study Area and Data 

2.1. Study Area and In Situ LAI Data 

The field experiment was conducted in the Yingke irrigation district in the arid regions of the middle 

Heihe River, northwest China (100°22′E, 38°52′N, Figure 1) in 2012. It is a part of the Heihe watershed 

allied telemetry experimental research (Hi-WATER) project, which is a multi-disciplinary and integrated 

remote sensing experiment evaluating ecological and hydrological processes in the Heihe River  

basin [42]. A flat site of 4 km × 4 km was chosen to collect in situ LAI data and meets the general 

requirement of site size in validation of LAI products [43]. The site was predominantly cultivated with 

corn (green region in Figure 1), but included numerous residential areas, irrigation facilities, and roads. 

The spatial differences of corn growth were manifested by the distinct green levels in Figure 1. As a 

typical row crop, corn was cultivated uniformly with non-continuous gaps, planted in late April and 

harvested in mid-September of 2012. 

 

Figure 1. Location of the study area (false color composite ASTER image acquired on 24 

June 2012, R/G/B vs. band1/band3/band2), 42 sampling points (white points) distributed in 

4 km × 4 km area. 

In the study area, a LAINet observation system containing 42 WSN measurement nodes was used to 

measure LAI between 25 June and 24 August 2012. Each measurement node automatically collected  

multi-angle transmittance of the vegetation canopy during the day and the LAI can be calculated from this 

based on direct light transmittance algorithm. An approximately uniform sampling method was adopted 

and each observation node was located in a homogenous zone within the field [40]. Detailed information 

regarding the LAINet observation system and the field experiment can be found in Qu et al. [39,40]. 
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Every measurement node was employed from June 25 to August 24, governed by vegetation growing 

season. The corn grew normally, however, not all field measurements were valid due to low battery 

levels and unexpected weather. To better describe vegetation growth characteristics, an aggregating 

window of five days was implemented to smooth the LAI data. Moreover, LAI data on August 4 and 14 

were excluded from the analysis, due to measurement failures and high temporal variability, 

respectively. Thus, 42 valid sampling points with 10 measurements at each point were available, as 

shown in Table 1. 

Table 1. The collected ASTER data and four LAI products data including two MODIS C5, 

GLASS v3.0, and GEOV1 corresponding to the dates of in situ LAI data. 

In situ LAI  Jun.25 Jun.30 Jul.5 Jul.10 Jul.15 Jul.20 Jul.25 Jul.30 Aug.9 Aug.19 

ASTER Jun.24   Jul.10     Aug.2 Aug.11 Aug.18 

MOD15C5/MCD15C5 Jun.25  Jul.3 Jul.11  Jul.19 Jul.27 Aug.4 Aug.12 Aug.20 

GLASS v3.0 Jun.25  Jul.3 Jul.11  Jul.19 Jul.27 Aug.4 Aug.12 Aug.20 

GEOV1  Jun.23  Jul.3  Jul.13  Jul.24 Aug.3 Aug.13 Aug.24 

2.2. Remote Sensing Data 

ASTER imagery was applied to extract ancillary information to support the upscaling investigation. 

Five high quality ASTER images (2B05V) were acquired corresponding to the dates of field 

observations (Table 1). ASTER 2B05V data are atmospheric corrected surface reflectance with three 

bands (0.52–0.86 μm) and 15 m spatial resolution in UTM (WGS84) projection. All images were 

geometrically corrected to the standard reference image with 0.5 pixel accuracy, which was commonly 

accepted based on the findings of Gu et al. [44]. 

Table 2. Characteristics of MODIS, GLASS and GEOV1 LAI products. 

LAI Products  Version  Spatial Resolution Temporal Resolution (Day) Algorithm  References 

MOD/MCD15 C5 1.0 km 8 LUT Yang et al. [45] 

GLASS V3 1.0 km 8 NN Xiao et al. [12] 

GEOV1 V1 1/112° 10 NN Baret et al. [11] 

Note: LUT and NN refer to the look-up table and neural network methods, respectively. 

Several LAI products including two MODIS collection 5 (C5), GLASS v3.0, and GEOV1 (Table 2), 

were collected and used for comparison with the ground truth of LAI created by the proposed method 

detailed in Section 3. MODIS C5 products are generated every eight days and have a 1 km spatial 

resolution (http://wist.echo.nasa.gov) in sinusoidal projection. The main algorithm is based on a lookup 

table (LUT) simulated from a 3D radiative transfer model, and a backup algorithm based on NDVI is 

used when the main algorithm fails [45]. The MODIS LAI product suite, containing the Terra C5 

(MOD15 C5) and Terra + Aqua C5 (MCD15 C5), were investigated. The 1 km, 8 day, GLASS v3.0 LAI 

product is available from the Beijing Normal University (BNU) (http://www.bnu-datacenter.com/) in 

the Integerized Sinusoidal (ISIN) projection. This is estimated from MODIS and AVHRR time series 

reflectance data using a neural network approach [12]. The European GEOLAND-2 LAI product 

(GEOV1) is derived from the SPOT/VEGETATION observations at 1/112° (~1 km at the equator) 



Remote Sens. 2015, 7 12892 

 

spatial resolution with a 10 day time step in a Plate Carrée projection (http://www.geoland2.eu). It is 

estimated based on a fusion between MODIS15 and CYCLOPES products [11]. During the field 

experimental period, eight MODIS and GLASS LAI images, and seven GEOV1 LAI images over the 

study area were downloaded (Table 1). 

3. Methods 

3.1. Framework of the Upscaling Algorithm 

The land cover of this site was mainly mixed corn and numerous non-vegetation types (i.e., residential 

areas, irrigation facilities, and roads), while the in situ LAI was only measured in the vegetation area. 

The in situ LAI measurements continuously acquired at several sampling points could capture the 

approximate temporal pattern of LAI of the vegetation surface, but might lose fidelity to the true LAI of 

the vegetation surface in the site level. If a few true LAI of the vegetation surface could be identified, 

they could be used as ancillary information for upscaling of in situ LAI measurements time series. In 

this study, information extracted from the high resolution images played such a role. If the representative 

LAI of vegetation surface was accurately determined, the ground truth of LAI over the whole site could 

be calculated based on the coverage proportion of vegetation area. A two-step upscaling algorithm is 

proposed to merge the ancillary information and in situ LAI measurements to obtain ground truth of the 

LAI time series over the whole site. Figure 2a outlines the flowchart of this method and Figure 2b shows 

the process of ancillary information. 

 
(a)                                       (b) 

Figure 2. Flowchart of the two-step upscaling algorithm. (a) The overall procedure, (b) Ancillary 

information extracted from high resolution images to be used in the upscaling procedure. 

3.1.1. Upscaling In Situ LAI Measurements in the Vegetation Surface 

In the first step, for the vegetation surface of this site, the LAI time series were obtained by upscaling 

the in situ LAI measurements using optimal weighted combination method. The simple averaging 

method, using equal weight for all measurements, is a popular way to calculate the average LAI from 

measurements distributed within an area [15]. However, when we consider the spatial difference of 
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vegetation growth over a large area, the weights should be determined by the representativeness of each 

LAI measurement to the LAI of the overall vegetation surface. Therefore, we used an optimal weighted 

combination of in situ LAI measurements at several sampling points to obtain the representative LAI 

time series of the vegetation surface. In abstracted linear form, 
v

,1 ,2 ,[1, , ,..., ]
eg T meas meas meas meas meas T

t t t t t t NLAI LAI with LAI LAI LAI LAI     (1)

where 
veg
tLAI  is the optimal weight combined value of in situ LAI measurements at several sampling 

points at time t, t
measLAI are in situ LAI measurements at N sampling points at time t, β is the weight 

vector of in situ LAI measurements, and t is the measurement time. In this study, there were 10 

measurements during the study period, corresponding to the dates of in situ LAI data in Table 1. We took 

β as constant during the study period based on the assumption that the spatial difference of vegetation 

growth was not changing with time. This assumption was reasonable for this study, because corn of the 

same type was planted simultaneously, and managed under similar water and fertilizer conditions. 

We can calculate the weight from a cost function, if a few representative LAI values of vegetation 

surface in site level are available. To be more robust, a regularized cost function is considered, 

rep 2
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where 
rep

i
veg

LAI  is the representative LAI of vegetation surface at time i, i
measLAI are in situ LAI 

measurements at N sampling points at time i, σ denotes the standard deviation of rep
i
veg

LAI , α is the 

regularization parameter, and M is the number of 
rep

i
veg

LAI . i is the acquired time of 
rep

i
veg

LAI and the 

total amount (i.e., M values) is significantly less than the measurement times of in situ LAI data in Table 

1. In other words, the i is only part of the measurement times of in situ LAI data and is relevant to the 

number of 
rep

i
veg

LAI . 

Figure 2b shows how the representative LAI of the vegetation surface is extracted from a high 

resolution image. The high resolution image is commonly taken as the ancillary information to upscale 

the ground measurements to the scale of interest, such as in the bridging method [14]. Various methods 

can be used to establish the transfer functions to estimate LAI from the remote sensing data [16], and 

the empirical regression method has been widely used and generally provides a satisfactory result with 

sufficient observations [16,18–23]. In this study, the high resolution image was used to classify and 

estimate LAI of vegetation pixels based on a transfer function, and the representative LAI of vegetation 

surface was acquired by aggregation. An empirical relationship was built based on the in situ 

LAI measurements and corresponding normalized difference vegetation index (NDVI) from 

the ASTER image. 
0.6175max

min max

[1 ( ) ]bNDVI NDVI
LAI a

NDVI NDVI


  


 (3)

where LAI is in situ measurements, NDVI is the vegetation index value of an individual pixel, NDVImin 

represents the typical NDVI value of bare soil areas, and NDVImax is the value of a pure green vegetation 

pixel. NDVImin and NDVImax are assumed to be constant over the image during the study period, and were 

extracted from the histogram of the NDVI in the study area. NDVImin was set to 0.18 and NDVImax was 
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set to 0.785. a and b are the fitting coefficients of the empirical relationship. In this study, a 65% subset 

of the data was used to calculate regression equations, with the remaining data used to validate 

the results. 

When the representative LAI of vegetation surface can be expressed as an aggregation of vegetation 

LAI estimates, Equation (2) becomes 

2

1

( ) ( )
M NDVI NDVIT meas T meas T

i ii i
i

J LAI LAI LAI LAI



       (4)

where i
NDVI

LAI is the aggregation of vegetation LAI estimates at time i, and the other symbols are as 

defined for Equation (2). The overall number of i
NDVI

LAI  (i.e., M values) is affected by the available 

high resolution images. The expectation maximum (EM) algorithm was employed to solve the 

minimization problem to determine the weights. The EM algorithm is an iterative optimization method 

and has been recognized as a simple and robust tool to estimate some unknown parameters, given 

measurement  

data [46–48]. An iterative process estimates the expected combined value θ = (α, σ2) in the expectation 

step, and seeks the updated θ(t + 1) to maximize the likelihood function in the maximization step. This 

procedure is repeated until the difference between the parameter updates becomes very small. 

3.1.2. Obtaining Ground Truth by Area Weighted Method 

In the second step, the ground truth of LAI time series over the whole site was derived based on the 

coverage proportion of vegetation area. Information relevant to the land cover type is well able to 

describe the spatial heterogeneity and often applied to support the scaling issues [19–23,49–52]. In this 

study, we incorporated representative LAIs of different land cover types based on the individual 

coverage proportion of each land cover type, summarized as 

j 1

k jj
t tcLAI f LAI



   (5)

where tLAI is the area weighted value of the representative LAIs of different land cover types at  

time t, 
j
tLAI is the representative LAI of a land cover type j; j

cf  is the coverage proportion of the land 

cover type j, which is calculated using pixel counting based on high resolution land cover map; and k is 

the number of land cover types. In this study, the 4 km x 4 km site was divided into vegetation and  

non-vegetation areas. Therefore, k was equivalent to two and fc indicated the fractional vegetation cover, 

which was directly used in Figure 2b. 

The reference LAI of the whole site (
ref

LAI ) was exacted from the high resolution image and used 

to assess the upscaling algorithm. Figure 2b shows the process for averaging the LAI estimates of two 

land types in the study area. This process is consistent with that employed in the bridging method [14]. 

3.2. Statistical Metrics  

It is quite challenging to evaluate the upscaling algorithm due to the difficult acquisition of the real 

LAI over the large area. Therefore, we proposed a procedure to conduct the evaluation. The reference 

LAI over the whole site are derived from the high resolution images, and these are regarded as the ground 
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truth. The upscaling algorithm is employed to check whether this ground truth can be retrieved from  

in situ LAI measurements at the sampling points. The representative LAI of vegetation surface were also 

used to evaluate the upscaled LAI to provide an additional comparison. 

The root mean square error (RMSE) was used to quantify the deviation between two datasets: 

1

^
21

RMSE ( )i i

Num

iNu
y

m
y



    (6)

where ܰ݉ݑ is the number of samples used for the comparison, ݕ௜	and ݕො௜	are reference and compared 

data, respectively. To evaluate the upscaling algorithm, vegRMSE  (
pvegre

iLAI /
veg
iLAI  for ݕ௜	/	ݕො௜) and 

siteRMSE (
ref
iLAI / iLAI for ݕ௜	/	ݕො௜) are used and represent the RMSE for upscaled LAI of the vegetation 

surface and the whole site derived from the first and second steps of the proposed upscaling method, 

respectively. The upscaled results are evaluated when high resolution images are available, so ܰ݉ݑ 

corresponds to M values as defined in Equation (2). vegRMSE  reflects the fitting accuracy of the cost 

function, Equation (4). 

To quantify performance of calibration model (Equation (3)) for LAI estimates from NDVI, we 

calculate the coefficient of determination (R2) and RMSE between the measured and estimated LAI 

values from the testing dataset. The range error ratio (RER) is also used to assess practical efficacy of 

the model [53,54]. Some essentially empirical thresholds have been defined based on RER, as models 

with RER of less than 3 have little practical utility, RER values of between 3 and 10 indicate limited to 

good practical utility, and values above 10 show that the model has a high utility value [53,54]. 

max miny y
RER

RMSE


  (7)

where maxy and miny  are the maximum and minimum of the in situ LAI measurement, respectively. 

RMSE is derived from the testing dataset between the measured and estimated LAI values. 

3.3. Validation of the LAI Products  

To conduct direct comparison at the site level, geolocation uncertainties, projection systems, and 

point spread functions could be issues and should be explicitly considered. The collected products 

containing two MODIS C5, GLASS v3.0, and GEOV1 are in distinct projection systems, while the 

ground validation data and ASTER imagery are in UTM, WGS84. Therefore, the products were 

projected into the ground data projection system, and the GEOV1 product was resampled to a 1 km 

spatial resolution using bilinear interpolation. 

The mean LAI of surrounding pixels have been recommended for validation in the presence of 

geolocation uncertainties [27,28]. In this study, an array of 4 × 4 pixels was considered for the 

comparison. The mean LAI values and standard deviation over the 16 pixels were computed for each 

product and the temporal performance against the ground truth of the LAI time series was investigated. 

At this stage, R2 and RMSE were calculated to quantify the deviation between the reference ground LAI 

and LAI products. 
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4. Results 

4.1. Extracting the Ancillary Information from High Resolution Images  

The proposed method to extract ancillary information from high resolution images was presented in 

Section 3.1. Decision tree classification was used to distinguish croplands from non-vegetation types 

including residential areas, irrigation facilities, roads, bare soil, etc. The site comprised 78% cropland 

and 22% mosaic (or non-vegetation) class in the 4 km × 4 km study area, as shown in Figure 3. The set 

of test samples, including 1446 vegetation samples and 1785 non-vegetation samples, were used to 

assess the classification result, showing a high accuracy with overall accuracy of 98% and Kappa 

coefficient of 0.95 from a confusion matrix. This good performance was partly attributed to the clear 

and simple spatial structure in 4 km × 4 km region considered. 

 

Figure 3. Land cover map based on ASTER images. 

Once the vegetation pixels were identified, the corresponding LAI can be estimated based on the 

empirical relationship. We calibrated the coefficients of Equation (3) by regression analysis of the 

relationship between the NDVI and in situ LAI measurements. Forty two sampling points were used to 

construct the relationship since continuous LAI data at those points were measured from 25 June to 24 

August. However, not all field measurements provided complete 10 days of continuous observations, as 

only part of the collocated ASTER images were acquired during the study period, reducing the amount 

of data available to derive the empirical relationship. We collated the available ASTER-NDVI values 

with in situ LAI measurements to establish Equation (3). In summary, 88 pairs of data (each pair 

comprising one NDVI value and corresponding in situ LAI value) were available. The data were divided 

into two subsets: 65% of the pairs intended for model calibration and the remainder for independent test. 

The coefficients of the model were determined by the calibration dataset (a = 4.9, b = 0.89) with  

R2 = 0.63 showed in Figure 4a. Figure 4b shows that there was minimal scatter between the measured 
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and estimated LAI values, as indicated by the statistical quantities (R2 = 0.52, RMSE = 0.66). The RER  

of 6.6 indicated that the model had good practical utility. 

    
(a)                                 (b) 

Figure 4. The constructed empirical relationship: (a) the empirical relationship between LAI 

and NDVI, (b) Comparison between measured and estimated LAI values. 

Once the LAI estimates of vegetation and non-vegetation types were determined, the representative 

LAI of vegetation surface and reference LAI for the site could be obtained. Figure 5 shows these values 

distributed over time, with the average value of in situ LAI measurements at the 42 sampling points. 

Five reference LAI values were distributed separately over time and would be used to evaluate the 

proposed algorithm. The average LAI agreed well with the representative LAI of vegetation surface 

and captured the vegetation temporal variation, but marginally represent the LAI over the 

heterogeneous surface. 

 

Figure 5. The representative LAI of vegetation surface and reference LAI in this site with 

the average values of in situ LAI measurements. 
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4.2. Evaluation of the Upscaling Algorithm 

4.2.1. Evaluation of the Upscaled LAI Time Series 

We tested the usability of the proposed upscaling algorithm to obtain the ground truth of LAI time 

series. All data was used for upscaling, including five representative LAI values and the continuous LAI 

measurements at the 42 sampling points. Since only some of the 42 sampling points presented complete 

10 days of continuous observations, we interpolated the in situ measurements using quadratic 

interpolation [40]. Interpolated values separated by more than five days from an actual measurement 

were excluded from the analysis. Pooling the measured and interpolated data, 23 sampling points with 

10 continuous measurements at each point were available. We applied the upscaling algorithm to these 

sampling points and compared the upscaled performance with the derived ground truth, as shown in 

Figure 6. 

 

Figure 6. Upscaled LAI time series and average in situ LAI compared to the reference LAI. 

The upscaled LAI time series shows a temporal pattern for the cropland area (red line) in good 

agreement with the reference LAI (black solid squares) across the entire time period (RMSE = 0.032,  

n = 23). The average LAI method values are higher than the reference LAI (RMSE = 0.69, n = 42). Thus, 

averaging in situ LAI measurements does not correctly represent the LAI on a heterogeneous surface, 

whereas the proposed upscaling method can successfully generate the ground truth of LAI time series 

with a limited number of in situ LAI measurements (23 in this case). 

4.2.2. Required Number of Sampling Points 

Twenty three sampling points were used to perform the upscaling for this study. However, in practice, 

there may be only a few sampling points available in the study area. Therefore, we conducted a 

sensitivity study to define the level of input data that maybe required. The number of sampling points 

(2–23) were repeatedly randomly sampled from the total points, the upscaling algorithm applied to the 
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sampled points and the mean RMSE values calculated, as shown in Figure 7. The mean RMSE of the 

upscaled LAI decreases with increasing number of points, but is relatively stable after including 13 

sampling points. Thus, the ground truth of LAI can be effectively identified when only a few sampling 

points are available using the proposed upscaling algorithm. 

 

Figure 7. Upscaled performances with the number of sampling points. 

 

Figure 8. Upscaled LAI time series of vegetation surface, average in situ LAI and 

representative LAI of vegetation surface. 

We further analyzed the upscaled LAI performance of the vegetation surface, which was the essential 

intermediate result of upscaling, as shown in Figure 8. The upscaled LAI was more consistent with the 

corresponding representative LAI (red solid circles) (RMSE = 0.041, n = 23) than the average LAI 

(RMSE = 0.17, n = 23). The measured field LAI data was also able to represent the vegetation surface 

features well (RMSE = 0.069, n = 42). The proposed upscaling method provides a similar performance 

with less sampling points (RMSE = 0.07, n = 8, Figure 7), and increasing the sampling points does 
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significantly improve the performance. This may benefit field experiment by reducing labor and 

instrument costs, and extend the usefulness of existing datasets currently without sufficient 

measurements for conventional LAI analysis. 

4.2.3. Number of High Resolution Images 

Another important issue for the proposed upscaling algorithm is the availability of the high resolution 

remote sensing data. As discussed above, this data normally has low temporal resolution and is also 

often contaminated by clouds, leading to the unavailability of representative LAI of the vegetation 

surface for upscaling. We analyzed proposed upscaling algorithm performance with different numbers 

of ASTER images (1–5) and evaluated the resultant LAIs against the five derived reference LAI values, 

as shown in Figure 9. The mean RMSEs were calculated following the procedures detailed above. 

The mean RMSE decreased with increasing number of images for any number of sampling points. 

For a given number of images, increasing the sampling points for upscaling could improve the 

performance, suggesting that the in situ LAI data and images can compensate each other to achieve a 

satisfactory result. Zhang et al. [55] suggested the characteristic accuracy of LAI ranges from 0.1 to 0.6, 

varying with the spatial scale. If RMSE of 0.15 was required, only two images and nine sampling points 

would be sufficient to obtain the corresponding ground truth of the LAI time series. 

 

Figure 9. Upscaled LAI performance with the number of ASTER images and 

sampling points 

4.3. Comparison with LAI Products 

The proposed ground truth of LAI time series with 23 sampling points were used to investigate the 

temporal performance of LAI products. The average value of in situ LAI measurements was also used 

for comparison. 
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4.3.1. Time Series Analysis 

Figure 10 shows the temporal trajectory of different LAI products across the site during the study 

period, compared with the ground truth of LAI calculated by our proposed method, and the average  

in situ LAI. The satellite products were generally in better agreement with the ground truth than the 

average in situ LAI. 

LAI estimates from GLASS and GEOV1 show a smooth temporal pattern, but systematically lower 

and higher than the ground truth, respectively. Overestimation of GEOV1 over cropland biomes has also 

been found by Claverie et al. [34]. In addition, GLASS LAI tended to increase later than GEOV1 and 

in situ LAI measurements, which approximately peaked between mid to end of July. The two MODIS 

C5 collections agreed very well, overlapping for much of the time, but exhibited some temporal 

discontinuity and an unrealistically variability with higher deviations, especially in the fast growing 

season. This may be due to the impact of cloud cover or the LAI derivation method for  

those datasets [15]. 

 

Figure 10. Time series comparison between ground truth of LAI and average in situ LAI for 

the 4 km × 4 km area and corresponding LAI products 

4.3.2. Direct Comparison 

Figure 11a shows MOD15 C5 and GLASS agreed reasonably well with ground truth of LAI  

(RMSE = 0.39 for both products). However, GLASS appeared to be underestimation by a small amount. 

The superiority of the Terra + Aqua combined MCD15 C5 product (RMSE = 0.48) was not as expected 

from previous studies [15], which could be partly attributed to there being no quality flag applied. 

GEOV1 displayed systematic overestimation for LAI (RMSE = 0.56), which was consistent with earlier 

results [34]. 

When compared to the average in situ LAI, the uncertainty (RMSE > 0.98) for most products were 

significantly larger than for the proposed upscaled LAI, except for GEOV1 (Figure 11b). The large 
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uncertainty could be a result of the different scale between the field measurements and the remote 

sensing products due to the surface heterogeneity, which produces some errors and biases. Thus, an 

appropriate upscaling method is vital and has been particularly recommended for validation studies [14]. 

  
(a)                                   (b) 

Figure 11. Scatter plots comparing (a) ground truth LAI and (b) average in situ LAI to 

corresponding MOD15 C5, MCD15 C5, GLASS, and GEOV1 LAI in the 4 km × 4 km area 

5. Discussion 

The major issue facing the validation of LAI products is the spatial mismatch between ground 

measurements and medium resolution remote sensing LAI products, due to the heterogeneous land 

surface. This is why the bridging method based on high spatial remote sensing images is commonly 

chosen for validation [14]. However, it remains a challenging task to obtain the ground truth of LAI time 

series across a wide range of sites. Several studies suggest that WSN technology has significant 

advantages for ground validation and is able to acquire data automatically in large areas over long 

periods [40]. In this study, we proposed an upscaling algorithm to obtain the representative ground truth 

of LAI time series from in situ LAI data measured by WSN observation system. The algorithm was 

evaluated using a dataset collected over a 4 km × 4 km study area composed of cropland and various 

non-vegetation types in the Yingke irrigation district. The results indicated our algorithm can be 

successfully applied to this heterogeneous cropland area. 

Previous studies have suggested that ancillary information can support upscaling of in situ 

measurements, especially when only a limited number of sampling points are available over a large  

area [14,41]. The bridging method, for example, is based on the use of high spatial resolution images to 

extend ground sampling measurements. In our proposed algorithm, we also incorporate ancillary 

information extracted from high spatial resolution image to support upscaling. However, the proposed 

algorithm requires less images than the bridging method and provides better ground truth outcomes. Ten 

temporally continuous ground truth of LAI from June to August were obtained by our proposed method, 

whereas only five were acquired by the bridging method. Increasing the sampling points in our proposed 

algorithm can reduce the image requirement for upscaling. For the case studied, ground truth of the LAI 
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time series with high accuracy (RMSE = 0.15) could be obtained with two images and nine 

sampling points. 

The EM algorithm is considered to be a simple and robust tool for parameter estimation in models 

with incomplete data [46–48], and we employed it to compute the optimal weight of the in situ LAI 

measurement in the study area. The EM algorithm was robust even when the number of parameters was 

much larger than that of observed data. For example, a weight vector for the 23 sampling points can be 

accurately derived using the data from just five dates. Moreover, the different weights of in situ 

measurements were able to identify the spatial differences of vegetation growth and facilitate a 

satisfactory result using a limited number of sampling points. The proposed upscaled LAI using eight 

sampling points described the representative LAI of vegetation surface well (RMSE = 0.07, n = 8), which 

was very similar to the performance of the average value of 42 in situ LAI measurements  

(RMSE = 0.069, n = 42). This may facilitate field work and analysis of existing ground data currently 

without sufficient sampling points. In this study, the weights were limited to be constant during the study 

period based on the assumption that spatial pattern of vegetation growth was not changing with time. 

However, the weight may change with time due to the temporal change of spatial pattern of vegetation 

growth. We will investigate the method to determine the weight varying with time in the future work. 

The simple averaging method is restricted to relatively homogeneous surfaces with sufficient ground 

measurements [15]. Our study showed that the average LAI of in situ measurements did not agree well 

with the representative LAI of the whole heterogeneous site (RMSE = 0.69, n = 42). If this value was 

regarded as ground truth to validate LAI products, it would produce significant bias upon validation. In 

our proposed upscaling algorithm, the spatial heterogeneity across the site was explicitly considered 

based on land cover types, making the algorithm suitable for heterogeneous surfaces (RMSE = 0.032,  

n = 23). Previous studies have reported that information relating to land cover type is commonly used in 

scaling issues [49–52]. 

The regression method has been widely used to estimate the high-resolution LAI image and generally 

produces a good result with sufficient observations [16,18–23]. However, previous study has found that 

some compression of the variance or error of LAI estimates generally presented in the empirical 

relationship [21]. In this study, this method was applied to build the empirical relationship between the 

in situ LAI measurements and corresponding NDVI. The data covering several dates were used and able 

to ensure the quantity and variation of observations. The evaluated result shows that good estimates were 

achieved for LAI (R2 = 0.52, RMSE = 0.66) and the RER of 6.6 indicated that the model had good 

practical utility. Figure 4b shows that the low LAI was overestimated slightly while high LAI was 

underestimated. However, this error had little effect on our study, since the LAI were mostly distributed 

from two to four, and the overestimated and underestimated LAI values were counterbalanced during 

the averaging process. This was revealed by the clear distinction between the results of Figure 11a 

(ground truth LAI compared with LAI products) and Figure 11b (average in situ LAI compared with 

LAI products). 

Compared with the ground truth of LAI over site, MOD15 C5 shows a good consistency on cropland 

(RMSE = 0.39, n = 8), which agrees with findings (RMSE = 0.229, n = 105) reported recently by  

Claverie et al. [34] using the bridging method. However, MOD15 C5 shows unrealistic variability, 

especially during the fast growing season, a drawback also indicated by Fang et al. [15].  

The Terra + Aqua combined MCD15 C5 shows marginal improvement, partly affected by ignoring 
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quality flag information. The latest GEOV1 and GLASS show smooth temporal trajectories [11,12], but 

GEOV1 overestimates representative LAI, similar to previous findings with the bridging  

method [11,34]. 

6. Conclusions 

In this study, a two-step upscaling algorithm was proposed to obtain the representative ground truth 

of LAI time series in heterogeneous surfaces based on in situ LAI data measured by the WSN observation 

system. The representative LAI time series of the vegetation surface was acquired by optimal weighted 

combination of the in situ LAI measurements at several sampling points, and then the ground truth of 

LAI over the whole site could be calculated by area weighted merging of the representative LAIs of 

different land cover types. Emphasis was given to determining the optimal weight based on the 

consideration of the spatial differences of vegetation growth, and calculated using the EM algorithm 

constrained by ancillary information extracted from high resolution images and concurrent  

in situ measurements. 

The proposed upscaling algorithm was evaluated, showing that the algorithm can be successfully 

applied to heterogeneous land surfaces, even with a limited number of sampling points distributed across 

the site. The upscaled LAI time series can be obtained and agrees well with the ground truth of LAI 

(RSME = 0.032, n = 23). The proposed upscaled LAI of the vegetation surface with few sampling points 

can represent the corresponding representative LAI (RMSE = 0.07, n = 8), which was consistent to the 

average values of multiple LAI measurements (RMSE = 0.069, n = 42). 

The proposed ground truth LAI time series was compared with four LAI products. In general, the 

latest LAI retrievals from GEOV1 and GLASS showed a smooth temporal trajectory, but tended to a 

slight bias for this site. While MOD15 C5 showed better consistency with the proposed ground truth 

LAI than MCD15 C5, both showed unrealistic variability. 

Our study investigated the potential of the ground measurements using the WSN observation system 

for the validation of LAI products over a crop site in the Heihe River basin. The proposed upscaling 

algorithm can be applied to other land cover types, where a network of sampling points and continuous 

measurements exists. 
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