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Abstract 28 

A variety of approaches are available to fill the gaps in the time series of 29 

vegetation parameters estimated from satellite observations. In this paper, a scheme 30 

considering vegetation growth trajectory, protection of key point, noise resistance and 31 

curve stability was proposed to evaluate the gap-filling approaches. Six approaches 32 

for gap filling were globally evaluated pixel-by-pixel based on a reference NDVI 33 

generated from MODIS observations during the past 15 years. The evaluated 34 

approaches include the Fourier-based approach (Fourier), the double logistic model 35 

(DL), the iterative interpolation for data reconstruction (IDR), the Whittaker smoother 36 

(Whit), the Savitzky-Golay filter (SG) and the locally adjusted cubic spline capping 37 

approach (LACC). Considering the five aspects, the ranks of the overall performance 38 

are LACC > Fourier > IDR > DL > SG > Whit. The six approaches are similar in 39 

filling the gaps and remaining the curve stability but there are large difference in 40 

protection of key points and noise resistance. The SG is sensitive to noises and the 41 

Whit is poor in protection of key points. In the monsoon regions of India, all 42 

evaluated approaches don’t work well. This paper provides some new views for 43 

evaluating the gap filling approaches that will be helpful in selecting the optimal 44 

approach to reconstruct the time series of parameters for data applications. 45 
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1. Introduction 50 

Time series of vegetation parameters derived from remote sensing imagery, such 51 

as LAI and NDVI, have been widely applied to investigate the land surface change 52 

(Alcantara et al., 2012; Wessels et al., 2012), vegetation photosynthetic activity (Chen 53 

et al., 2014; Kawabata et al., 2001) and vegetation phenology (Atkinson et al., 2012; 54 

Walker et al., 2012). However, the continuity of these derived parameters is usually 55 

interrupted by residual atmospheric contamination, clouds, snow and system failure 56 

(Atkinson et al., 2012; Chen et al., 2006), which greatly hinder the monitoring of 57 

terrestrial ecosystems. The gaps of vegetation parameters should be filled before data 58 

applications. 59 

The approaches for gap filling make use of the valid observations to estimate the 60 

invalid observations. They assume that the seasonal trajectory of vegetation growth 61 

can be fitted by a mathematical model. The model parameters were first determined 62 

from the valid observations, and then the invalid observations were inferred from the 63 

model. A variety of approaches for gap filling have been proposed. They can be 64 

categorized into four types: (1) Threshold-based approaches, which set a threshold to 65 

control the smoothness of the reconstructed time series, such as the best index slope 66 

extraction algorithm (BISE) (Viovy et al., 1992), the modified BISE (Lovell and 67 

Graetz, 2001), the mean-value iteration (MVI) (Ma and Veroustraete, 2006) and the 68 

iterative interpolation for data reconstruction (IDR) (Julien and Sobrino, 2010). (2) 69 

Filter-based approaches, which define a filter to fill the gaps with the valid 70 

observations in a moving window, such as the ARMD3-ARMA5 filter 71 



(Filipova-Racheva and Hall-Beyer, 2000), the 4253H twice filter (Velleman, 1980), 72 

the Savitzky-Golay (SG) filter (Chen et al., 2004), the changing-weight filter (Zhu et 73 

al., 2012) and the adapted local regression filter (Moreno et al., 2014). (3) 74 

Curve-fitting approaches, which fit the seasonal trajectory of vegetation growth with a 75 

mathematical curve, such as the double logistic function (DL) (Beck et al., 2006), the 76 

asymmetric Gaussian function (AG) (Jonsson and Eklundh, 2002), the Fourier-based 77 

approach (hereafter referred to as Fourier) (Dash et al., 2010; Zhou et al., 2015) and 78 

the locally adjusted cubic spline capping approach (LACC) (Chen et al., 2006). (4) 79 

Other approaches, such as the wavelet transform (Lu et al., 2007), the data 80 

assimilation (Gu et al., 2009), the CACAO approach (Verger et al., 2013) and the 81 

Whittaker smoother (hereafter referred to as Whit) (Atzberger and Eilers, 2011). 82 

Many studies have been conducted to evaluate the gap filling approaches. Hird 83 

and McDermid (2009) evaluated the noise-reducing ability of six approaches in a 84 

local area of west-central Alberta, demonstrating that the DL and AG were better than 85 

the MVI and SG for reducing the negatively-biased noise. Julien and Sobrino (2010) 86 

evaluated three approaches for estimating the upper envelope of the time series by 87 

randomly selecting 17 points in the globe scale for each IGBP land cover class. They 88 

showed that the DL was unable to identify the upper envelope for some vegetation 89 

types, such as tall grass, evergreen shrubs, deciduous shrubs, bogs and marshes. 90 

Atkinson (2012) compared four models for smoothing remotely-sensed images at 91 

sample sites in India, which showed the Whit was better than the AG and DL for the 92 

real image but the DL was better than the Whit and AG in resisting simulated noise. 93 



Kandasamy (2013) compared eight approaches for gap filling at sites broadly 94 

distributed on the globe, with emphasis on the different fractions of invalid 95 

observations and the gap lengths. When the gap fraction was more than 20%, the AG 96 

failed to work and the reconstructed accuracy for the Whit and SG degraded rapidly. 97 

Michishita (2014) evaluated seven approaches for noise reduction on 12 land cover 98 

cluster types in the Poyang Lake area of China, demonstrating the SG was the best 99 

approach for noise reduction. 100 

Despite so much work, current evaluations are still limited. First, these 101 

evaluations were made only on a small region or at several sampling sites, which were 102 

far from the real global evaluations. The effect of an approach for gap filling relies on 103 

the seasonal trajectory of vegetation growth and the gap conditions (e.g. the amount 104 

and period of invalid observations). The seasonal trajectories of vegetation growth are 105 

usually different even in the same regions or for the same land cover type due to the 106 

complex vegetation components mixture. The amounts and periods of invalid 107 

observations vary from region to region depending on the climate conditions, which 108 

influence the reconstruction of invalid observations. For example, the invalid 109 

observations during the dormant stage of vegetation should be filled more reliably 110 

than those during the rapid growth stage. The global pixel-by-pixel evaluation, which 111 

includes all the possible seasonal trajectories and gap conditions, should be more 112 

comprehensive and convincing than the regional or the site-based evaluations. Second, 113 

previous evaluations were mainly focused on evaluating the abilities of curve 114 

smoothing and noise reducing. However, the requirements of application for the gap 115 



filling are various. For those aiming to extract the vegetation phenology, the recovery/ 116 

protection of the key status of vegetation growth is the priority. For those estimating 117 

the vegetation productivity in the whole year, the smoothing to reduce noise is 118 

important. For those comparing the inter-annual change, the stability is a prerequisite. 119 

Therefore, the goals of data applications should be considered for evaluations of the 120 

gap filling approaches. 121 

As MODIS data have been globally accumulated over many years, it is possible 122 

to generate a reference dataset to represent the basic seasonal patterns of vegetation 123 

growth for each pixel. In this paper, a reference NDVI was generated from the 124 

historical archived MODIS data during the past 15 years and taken as a baseline to 125 

evaluate the six approaches for gap filling. The six approaches include the IDR, SG, 126 

DL, Fourier, LACC and Whit. The evaluations include the filling abilities for the 127 

simulated gap and for the gaps from real observations, the recovery of the maximum 128 

curvature point, the resistance to noise on the valid observations and the stability of 129 

the reconstructed curve. 130 

2. Data and Methods 131 

2.1 Data 132 

The six approaches for gap filling were evaluated using the MODIS land surface 133 

reflectance products (MOD09A1 and MYD09A1). The MOD09A1 and MYD09A1 134 

provide 8-day composited surface reflectance at a 500-m resolution, which were 135 

generated from the Terra and Aqua MODIS observations by correcting the 136 

atmospheric effects (Vermote and Kotchenova, 2008). The NDVI was calculated from 137 

the NIR and red band of the MODIS 8-day reflectance products. The cloud and snow 138 



were detected using a refined cloud mask method (Liu & Liu, 2013), which could 139 

provide a better separation of cloudy observations from clear-sky observations than 140 

the MODIS cloud mask does (Liu & Liu, 2013). The valid NDVI derived from the 141 

MOD09A1 and MYD09A1 during 2000 to 2014 were averaged to generate the 142 

reference NDVI. There are a total of 46 composites in each year. 143 

2.2 Generation of the reference NDVI 144 

The reference NDVI was taken as the benchmark to evaluate the approaches for 145 

gap filling. The reference NDVI was generated as follows: (1) the cloudy or 146 

cloud-contaminated observations in the MODIS surface reflectance were screened by 147 

a refined cloud mask (Liu and Liu, 2013); (2) the NDVIs for the valid observations 148 

were calculated with the NIR and red band reflectance; and (3) all valid NDVIs in the 149 

same day of year (DOY) during 2000-2014 were averaged to obtain the reference 150 

NDVI for the DOY. If the number of valid NDVIs in the same DOY is less than 4, the 151 

reference NDVI was set as invalid. These invalid data were labelled in their quality 152 

control (QC) values and would be temporarily filled by linear interpolation of the 153 

nearest valid values. Through these procedures, most noises, angular effects and 154 

inter-annual fluctuations in the original observations could be diminished. Fig. 1 is an 155 

example showing the generation of the reference NDVI for the time series of 156 

observations. The reference NDVI is regarded as the truth data for the evaluations, 157 

and their characteristics are described in chapter 3.2. 158 
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Fig. 1 Example of the reference NDVI. 160 

 161 

2.3 Six approaches for evaluations 162 

The evaluated approaches include the IDR, SG, Fourier, DL, LACC and Whit, 163 

which were selected to represent the four types of gap filling approaches. The IDR 164 

fills the gaps from neighboring values, which represents the threshold-based approach. 165 

The SG is wildly used for noise reduction, gap filling and data smoothing, which 166 

represents the filter-based approach. The Fourier, DL and LACC were selected to 167 

represent the curve-fitting approach. The Fourier was selected for its few model inputs. 168 

The DL is widely used for the extraction of vegetation phenology because of its good 169 

simulation of the seasonal trajectories of vegetation growth with six parameters (Beck 170 

et al., 2006). The LACC was chosen for its flexibility to simulate any seasonal 171 

vegetation growth patterns and the ability to protect the maximum curvature (Chen et 172 

al., 2006). For other approaches, the Whit was selected for its balanced mechanism 173 

between the fidelity and the roughness of the time series (Atzberger and Eilers, 2011). 174 

2.3.1 The Fourier-based approach 175 



This approach uses the sum of a series of cosine and sine waves to fit the 176 

vegetation growth curve (Jakubauskas et al., 2001). The vegetation growth curve 177 

could be simulated by individual sinusoids and their frequencies for which noise and 178 

gaps could be reconstructed (Dash et al., 2010). The number of harmonics is required 179 

to reconstruct the time series parameters (Zhou et al., 2015). The values of 2, 4 and 6 180 

for the input harmonics were tested for the global evaluations. The harmonics of 4 181 

was shown the best and set as the default input parameter, though the Fourier with 182 

high harmonics would show better performance for the special regions with 183 

complicated seasonal trajectories (Zhou et al., 2015). 184 

2.3.2 The Whittaker smoother 185 

This approach can be regarded as the penalized least squares, which puts a 186 

penalty of the fidelity on the roughness of the smooth curve (Atzberger and Eilers, 187 

2011). The fidelity was expressed as the quadratic difference between estimates and 188 

actual observations. The roughness was defined as the quadratic difference between 189 

successive estimates. The cost function balances the fidelity and the roughness in 190 

which a smoothing parameter regulates these two parts. The larger the parameter, the 191 

smoother would be the reconstructed time series. Based on the work of Atkinson 192 

(2012) for running the Whittaker smoother with two smoothing parameter (2 and 15), 193 

the default smoothing parameter was set to 2 because the parameter of 15 would 194 

over-smooth the maximum curvature points. 195 

2.3.3 The IDR approach 196 

The IDR approach was developed to reconstruct high-quality time-series NDVI 197 

with an iterative mechanism. The threshold controls the times of iteration. An 198 



operator is defined as the absolute difference between the given NDVI and the 199 

average value of pre- and post-NDVI. If the operator is larger than the threshold value, 200 

the given NDVI would be replaced by the average NDVI. The smaller the threshold 201 

value, the smoother the reconstructed NDVI time series. The original threshold was 202 

set to 0.02. However, it tends to overestimate the low NDVI values (Julien and 203 

Sobrino, 2010) and the maximum curvature point. The threshold of 0.02 and 0.1 were 204 

tested for the global evaluations. The threshold of 0.1 shows better performance than 205 

that of 0.02 so the default threshold was set as 0.1. 206 

2.3.4 The double logistic function 207 

This approach can fit the unimodal shape of the vegetation growth curve (Beck et 208 

al., 2006). It originally simulates the time-series data as a function of six parameters: 209 

the minimum NDVI, the maximum NDVI, the curve rise point or drop point and their 210 

rate of increase or decrease. The DL performs well for fitting the symmetric seasonal 211 

trajectory. For the asymmetric seasonal trajectories, the DL was unsuitable and should 212 

be divided into two separate parts: the curve rising part and the curve decreasing part. 213 

Each part was fitted with one logistic function. The four parameter logistic model was 214 

demonstrated to be the best in the parameterizing test of the logistic model from two 215 

parameters to five parameters (White et al., 2014), which was selected in this paper. 216 

2.3.5 The LACC approach 217 

This approach was developed to produce flexible and mathematically smooth 218 

cubic-spline capping curves to fit rapid seasonal changes (Chen et al., 2006). The time 219 

series data were fitted with iterative procedures. The first curve fitting was conducted 220 

with a fixed global smoothing parameter of 0.5. For all data points in the time series, a 221 



local curve smoothness matrix (Chen et al., 2006) was used to automatically scale the 222 

local smoothing parameter based on the curvature of the fitted curve. Optimal weights 223 

of all points for the final curve fitting were regulated by the matrix. Three iterations 224 

was set for this approach as suggested in the original paper (Chen et al., 2006). Based 225 

on the local curve smoothness matrix, the first fitting determines the weights of the 226 

second fitting and the second curve fitting regulates the weights. The final fitting 227 

reconstructs the smoothed time series data by applying the regulated weights. This 228 

approach shows the flexible abilities for fitting any seasonal patterns and variable 229 

curvatures of a surface parameter in all seasons (Chen et al., 2006). 230 

2.3.6 The Savitzky-Golay filter 231 

This approach could be interpreted as a weighted moving average window, and 232 

the weighting was given as a polynomial of window width (Chen et al., 2004). It was 233 

designed to fit the upper envelope and to describe the changing patterns of the 234 

parameter through an iteration process (Chen et al., 2004). The coefficients of the 235 

smoothing window (Madden, 1978) were calculated by the half-width of the 236 

smoothing window and the degree of the smoothing polynomial. The larger the 237 

half-width of the smoothing window, the smoother the reconstructed NDVI time 238 

series. A linear interpolation preprocess was used for the gaps in this approach (Chen 239 

et al., 2004). The threshold of 4 for smoothing polynomial and 6 for the half-width of 240 

the smoothing window was suggested in the original paper (Chen et al., 2004). But the 241 

threshold of 5 for the half-width of the smoothing window shows better performance 242 



in the global scale. Therefore, the smoothing polynomial was set as 4 and the 243 

half-width of the smoothing window was set as 5 in this study. 244 

2.4 Evaluation method 245 

The approaches for gap filling were globally evaluated pixel-by-pixel. Fig. 2 246 

shows the flowchart of evaluation. The evaluations include the filling effect for the 247 

simulated gaps (Simgaps evaluation) and for the gaps from real observations 248 

(Realgaps evaluation), the recovery of the maximum curvature point (Keypoint 249 

evaluation), the resistance to noise on valid observations (Noise evaluation) and the 250 

stability of the reconstructed curve (Stability evaluation). The evaluations were 251 

performed based on the reference NDVI, except for the stability evaluation. First, the 252 

test series were generated by setting gaps or adding noises into the reference NDVI 253 

according to the evaluation purpose. Then, the gaps in the test series were filled by the 254 

evaluated approaches to generate the gap-filled series. Finally, the gap-filled series 255 

were compared with the original reference NDVI series. The mean bias between the 256 

reference NDVI and the gap-filled series was taken as the index to evaluate the 257 

performance of the approaches. The smaller the bias, the better the approach 258 

performed. The biases were only calculated between the reconstructed values 259 

( reconstructedNDVI ) and the counterpart values in the reference NDVI ( referenceNDVI ): 260 

n
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Fig. 2 Data process flowchart of the global evaluations. 263 

The first step was to generate the test series for each evaluation. The test series 264 

for Simgaps evaluation were generated by equidistantly setting the first point in each 265 

three points as a gap in the reference NDVI series (for example, the values in the 266 

positions of 1, 4, 7, 10, 13 and so on were set as invalid). For the Realgaps evaluation, 267 

the positions of invalid observations in 2008 were first detected, and then the test 268 

series for Realgaps evaluation were generated by setting the counterpart values in the 269 

reference NDVI as the gaps. That is, if the observation in the DOY 193 of 2008 was 270 

invalid, the reference NDVI in this position was set as invalid. For the Keypoint 271 

evaluation, the maximum curvature point in the reference NDVI series was first 272 

detected, and then this point was set as invalid to generate the test series. For the 273 

Noise evaluation, random noises were added to the 10% randomly selected position of 274 



the reference NDVI. The noises were negative and random, and the maximum 275 

magnitude was constrained to 40% of the selected values. For the Stability evaluation, 276 

the MOD series and the MYD series were generated from the Terra and Aqua MODIS 277 

observations in 2008, respectively. The gaps in these two series were filled by the 278 

evaluated approaches. The absolute biases between the MOD gap-filled series and the 279 

MYD gap-filled series were taken as the indicator of stability. Theoretically, the series 280 

from Terra and Aqua should be similar if the BRDF effect is neglected. A lower 281 

difference between two series indicates a higher stability of the gap-filling approach. 282 

Some pixels were excluded from the evaluations. The noises in the low NDVI 283 

series would have large error on the evaluations. The reconstruction would be 284 

unreliable if the gap percentage was larger than 60% (Kandasamy et al., 2013). 285 

Therefore, those pixels with the valid reference NDVI less than 20 or the maximum 286 

NDVI less than 0.4 were excluded. For the Keypoint evaluation, those pixels with the 287 

maximum NDVI less than 0.5 and those with the difference between the maximum 288 

and minimum NDVI less than 0.3 were excluded to guarantee the obvious seasonality 289 

and the existence of the maximum curvature point. 290 

3. Results 291 

3.1 Global distributions of the invalid observations 292 

The invalid observations include the cloud- and snow-covered observations and 293 

the missing observations by system failure. The cloud and snow cover are spatially 294 

and temporally heterogeneous, and are constrained by certain geographic rules. The 295 

invalid percentage for each pixel was calculated by the number of invalid 296 



observations divided by the total possible observations from 2000 to 2014. The global 297 

invalid percentage is shown in Fig. 3a. There are 69.84% of pixels (23,308,435 km
2
) 298 

with an invalid percentage < 15% and 1.26% of pixels (420,689 km
2
) with an invalid 299 

percentage > 40%. The invalid percentage is typically less than 15% in the middle 300 

latitudes of the Northern Hemisphere (30°N-50°N), Mexico and the middle and low 301 

latitudes in the Southern Hemisphere (10°S-50°S). In the northern high latitudes 302 

(above 50°N), the invalid percentage is high due to the snow cover and the high solar 303 

zenith in the high latitude region in the winter. In the tropical zone, the invalid 304 

percentage is above 20% due to the frequent cloud cover. The invalid percentage is 305 

above 40% around the Gulf of Guinea. 306 

  307 

Fig. 3 (a) Global map of the gap percentage for the 15-year observations in the 308 

MOD09A1 and (b) Global map of the merged Koppen climate classification. 309 

 310 

The temporal distribution of invalid observations was demonstrated to be varied 311 

largely in different zones using several temporal profiles of the NDVI series for 312 

different climate zones (Fig. 4). The periods of invalid observations are similar in the 313 

same climate zone. For the subarctic climate, the invalid observations are mainly 314 

concentrated in the dormancy period with continuous snow cover in winter (Fig. 4a). 315 



For the tundra climate in the Tibetan Plateau, the invalid observations are attributed to 316 

the snow cover in the vegetation dormant stage (Fig. 4b). For the tropical monsoon 317 

climate in India, the invalid observations are concentrated in the rapid growth stage of 318 

vegetation during the wet season (Fig. 4c). For the humid subtropical climate, the high 319 

rainfalls in the wet season make the valid observations usually unavailable (Fig. 4d). 320 

For the tropical rainforest climate around the Gulf of Guinea (Fig. 4e), the clouds 321 

almost cover the whole year, so that the valid observations are quite sparse. For the 322 

tropical savanna climate in the north of Australia (Fig. 4f), the invalid observations 323 

are mainly concentrated during the wet season. 324 

 325 



 326 

Fig. 4 Temporal profiles of the MODIS NDVI with cloudy or snowy observations: (a) 327 

the subarctic climate (54.66°N, 155.73°E); (b) the tundra climate in the Tibetan 328 

Plateau (30.38°N, 92.76°E); (c) the tropical monsoon climate in India (22.16°N, 329 

75.14°E); (d) the humid subtropical climate (24.97°N, 102.18°E); (e) the tropical 330 

rainforest climate around the Gulf of Guinea (6.37°N, 5.12°E); (f) the tropical 331 

savanna climate in the north of Australia (18.15°S, 140.13°E). The positions were 332 

showed in figure 1a. 333 

 334 

3.2 The characteristics of the reference NDVI 335 



The integrality of the reference NDVI was described by the invalid percentage 336 

and the maximum length of gaps, and its continuity was described by the roughness. 337 

The global invalid percentage of the reference NDVI was shown in Fig. 5a. The 338 

invalid distribution of the reference NDVI shows a significant latitudinal variation. 339 

When compared with the invalid percentage of real observations (Fig. 3a), the invalid 340 

percentages of the reference NDVI are very low (≤5%) at the middle and lower 341 

latitudes of the Northern Hemisphere and the whole Southern Hemisphere, especially 342 

for the tropical monsoon forest of India, the southeast of Asia and the vegetated areas 343 

around the Gulf of Guinea. The invalid percentage is above 30% in the high latitudes 344 

of the Northern Hemisphere due to the snow cover in the whole winter (Fig. 4a and 345 

4c). In the winter, the vegetation greenness remains nearly unchanged in this zone, so 346 

that the invalid reference NDVI could be filled by a linear interpolation using the 347 

neighboring valid observations. The maximum gap length in the reference NDVI 348 

series is shown in Fig. 5b. Its distribution is similar to the invalid percentage map. The 349 

maximum gap length in most of the regions is less than 32 days. It is usually above 90 350 

days in the high latitudes due to the continuous snow cover in the winter. The 351 

temporal roughness of the reference NDVI was expressed as the quadratic difference 352 

between successive valid NDVI values (Fig. 5c). The roughness in most of the regions 353 

(94.52% of pixels, 31,546,193 km
2
) is less than 0.05, suggesting that the reference 354 

NDVI shows smoothing seasonal cycles for the majority of the areas. The roughness 355 

is slightly large (0.06 to 0.08) in the agricultural zones in the North China Plain, 356 

where double crops would decrease the smoothness of the NDVI seasonal cycles. The 357 



roughness is above 0.07 in the regions around the Gulf of Guinea, where there are not 358 

enough valid observations to build the reference NDVI. 359 

    360 

 361 

Fig. 5 Global maps of the characteristics of the reference NDVI: (a) the invalid 362 

percentage; (b) the maximum gap length; (c) the roughness.  363 

 364 

3.3 Site examples for gap filling 365 

The effectiveness of an approach for gap filling is highly determined by the 366 

agreement between the fitting model and the seasonal trajectory of vegetation growth. 367 

Six sites, including the boreal forest (43.50°N, 117.45°E), tropical savannas (8.90°N, 368 

68.15°W), forest in the Southern Hemisphere (4.29°S, 11.66°E), grassland (49.33°N, 369 

120.05°E), mixture of forest and grassland (55.49°N, 11.65°E) and the double rice or 370 

savanna (26.73°N, 115.07°E), were taken as examples to demonstrate the effect of 371 

gap filling for different vegetation conditions (Fig. 6). The NDVI of deciduous 372 

vegetation is the minimum in the dormancy stage, increases when the vegetation 373 



began to grow and reaches the maximum in the mature stage. Then, the NDVI 374 

decreases while the vegetation withered. Finally, the vegetation remains dormant until 375 

the start of the next growth cycle. These four processes constitute a positive unimodal 376 

shape for the boreal forest (Fig. 6a) and for the grass (Fig. 6d) in the Northern 377 

Hemisphere and a negative unimodal shape in the Southern Hemisphere (Fig. 6c). The 378 

vegetation greenness of the tropical monsoon forest fluctuates during the wet and dry 379 

seasons. The vegetation greenness gradually decreases when the dry season came, but 380 

it recovers rapidly when the rainy season came (Fig. 6b). For the mixed vegetation of 381 

forest and grass, the growth and senescence of forest is faster than that of grass. The 382 

greenness of the forest reaches a maximum and remains nearly stable during its 383 

maturity stage but that of grass always changes. When the grass began to wither, the 384 

forest is still in its mature stage that leads to another stable NDVI for one or two 385 

months. The trend of NDVI in the mixed area is mainly decided by the forest growth 386 

conditions. This constitutes a complex seasonal shape (Fig. 6e). For the double rice or 387 

savanna, the double seasonal pattern constitutes the bimodal shape (Fig. 6f). 388 

 389 
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 390 

 391 

 392 

Fig. 6 Site examples of typical shapes for the gap filling: (a) the boreal forest; (b) the 393 

tropical savanna; (c) the forest in the Southern Hemisphere; (d) the grassland; (e) the 394 

mixed area of forest and grassland; (f) the double rice or savanna. 395 

 396 

The six approaches show the different abilities to capture the seasonal cycles of 397 

vegetation greenness. The LACC and SG perform the best for all six seasonal patterns 398 

and could both fill the gaps and preserve the fidelity of the original time series. 399 

However, its performance deteriorates when the seasonal shapes of the vegetation are 400 
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complex (Fig. 6a and Fig. 6c), especially over the mixed area of forest and grass (Fig. 401 

6e), the double rice and the savanna vegetation (Fig. 6f) (Beck et al., 2006). The 402 

Fourier with four harmonics presents unreasonable spurious oscillations for the 403 

temperate vegetation in the dormancy stage and mature stage (Fig. 6a), but it fit the 404 

shape of the grassland quite well (Fig. 6d). This could be explained by the symmetric 405 

shape of the grassland (Fig. 6d) and the complicated fluctuations appeared in the 406 

beginning of dormancy stage of the boreal forest (Fig. 6a). When compared with the 407 

DL, the Whit and IDR are more suitable to maintain the integrity of the time series. 408 

However, the Whit and IDR are too smoothing around the inflexion points of the 409 

boreal forest (Fig. 6a), the peak of the grassland (Fig. 6d) and the valley between the 410 

double peaks of double rice or savanna (Fig. 6f). 411 

 412 

3.4 Overall performance 413 

To evaluate the approaches quantitatively, the percentage of pixels with bias < 414 

0.03 was calculated for different evaluations (Tab. 1). The ranks for the six 415 

approaches are based on the statistics of the pixel percentage. The ranks for the 416 

Simgaps evaluation are LACC, SG > IDR > Whit > Fourier> DL. The ranks for the 417 

Realgaps evaluation are SG > LACC > IDR > DL > Fourier > Whit. The ranks for the 418 

Keypoint evaluation are SG > LACC > IDR > DL > Fourier > Whit. The ranks for the 419 

Noise evaluation are LACC > Fourier > IDR > DL > SG > Whit. The ranks for the 420 

Stability evaluation are Whit > Fourier > LACC > DL > SG > IDR. The ranks of the 421 

overall performance considering all five of the evaluations are LACC > Fourier > 422 
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IDR > DL > SG > Whit, which were ranked with their average percentage of the five 423 

conditions. The performances of all six approaches on the Simgaps and Realgaps 424 

evaluations are similar, but the biases for the Realgaps evaluation are larger. The 425 

LACC is the best approach for global gap filling when considering all of the 426 

evaluations. The IDR performs well in all of the evaluations except for the Stability 427 

evaluation and the Noise evaluation. The SG performs well in all of the evaluations 428 

except for the Noise evaluation, indicating that the SG is very good for gap filling if 429 

the cloud, snow and atmospheric residual contamination could be well detected. 430 

 431 

Tab. 1 Global percentage of pixels with bias < 0.03 for the five schemes. 432 

Evaluations Fourier DL IDR SG LACC Whit 

Simgaps 91.28% 88.93% 96.84% 96.91% 96.91% 94.06% 

Realgaps 79.34% 80.01% 80.10% 80.41% 80.37% 76.59% 

Keypoint 52.59% 61.61% 64.72% 70.32% 67.87% 32.14% 

Noise 59.80% 30.10% 38.69% 13.55% 75.28% 9.47% 

Stability 50.63% 43.64% 30.21% 40.75% 44.61% 54.83% 

 433 

Regional quantitative evaluations of each approach were also conducted based 434 

on the Koppen climate classification in Fig. 3b (Rubel and Kottek, 2010). Fig. 7 435 

describes the pixel percentage with bias < 0.03 for the four largest climate regions: the 436 

humid continental climate, the humid subtropical climate, the subarctic climate and 437 

the tropical savanna climate. For the Simgaps evaluation, the Realgaps evaluation and 438 

the Keypoint evaluation, the regional performances of the LACC, SG and IDR accord 439 
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with their global performance. The Fourier performed well for the Simgaps and 440 

Realgap evaluations in both the humid subtropical climate regions and the tropical 441 

savanna climate regions. The DL showed the best performance in the recovery of the 442 

maximum curvature point in both the subarctic climate regions and the humid 443 

continental climate regions. For the Noise evaluation, the LACC and Fourier show 444 

great resistance to noise despite the climate regions. For the Stability evaluation, all 445 

six of the approaches show relatively poor stability in the subarctic climate regions, 446 

and the IDR has the poorest stability considering the four climate regions. The Fourier 447 

and Whit are relatively stable in both the humid subtropical climate regions and the 448 

tropical savanna climate regions. 449 

 450 

 451 

Fig. 7 Histogram of the pixel percentage with bias < 0.03 for the four largest climate 452 

regions (EV1 is for the Simgaps evaluation, EV2 is for the Realgaps evaluation, 453 
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EV3 is for the Keypoint evaluation, EV4 is for the Noise evaluation and EV5 is 454 

for the Stability evaluation). 455 

 456 

The overall performances for each climate zone considering all five of the 457 

evaluations were also sorted with their average percentages. The ranks of the overall 458 

performances considering all of the evaluations in the humid continental climate 459 

region are LACC > DL > Fourier > IDR > SG > Whit. The ranks in the humid 460 

subtropical climate region are LACC > Fourier > IDR > DL > Whit > SG. The ranks 461 

in the subarctic climate region are LACC > Fourier > IDR > DL > SG > Whit. The 462 

ranks in the tropical savanna climate region are LACC > Fourier > DL > IDR > 463 

Whit > SG. The LACC performs the best for all four climate regions. The Fourier 464 

performs relatively poor in the humid continental climate region (ranks the third), but 465 

the performance in other three climate regions ranks the second. The DL has better 466 

performance in the humid continental climate region than other three climate regions. 467 

The performance of IDR is relatively stable which ranks the third or fourth for the 468 

four climate regions.  469 

 470 

3.5 The filling effect for simulated gaps 471 

Fig. 8 shows the global distributions of the gap filling biases for the Simgaps 472 

evaluation. Overall, the performances of the IDR, SG and LACC are better than the 473 

Whit, Fourier and DL (Tab. 1). Most biases of the IDR (96.84%), SG (96.91%) and 474 

LACC (96.91%) show quite a small range under 0.03. When compared with IDR, SG 475 

and LACC, the performance of the Whit seems generally good, with biases < 0.03 for 476 
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94.06% of the vegetated areas, while it is slightly worse in the boreal forest, with gap 477 

filling biases of approximately 0.05 due to the over-smoothing around the maximum 478 

curvature points (Fig. 6a). The Fourier shows good performance in the low and 479 

middle latitudes of Northern Hemisphere and the Southern Hemisphere, with gap 480 

filling biases lower than 0.03 for 91.28% of the vegetated areas, but the biases 481 

increases in the boreal forest of Russia, which is caused by the spurious oscillations 482 

happened in the dormancy stage and mature stage (Fig. 6a). The DL shows a good 483 

performance, with bias less than 0.05 for the surface with single seasonal pattern of 484 

vegetation growth. However, the biases for some pixels are high (>0.10) in the 485 

tropical rainforest and agricultural zones. For the tropical rainforest such as Malaya 486 

and the Indonesia Archipelago, Congo Basin and Amazon Basin, it was hard for the 487 

DL to fit the small fluctuation greenness of the observations. Similarly, the biases are 488 

also greater than 0.10 for some evergreen vegetation in southern Brazil. For the 489 

agricultural zones with double or triple cropping seasons, such as the plains of India, 490 

Ganges and China, the DL is unsuitable to describe a double or triple annual growing 491 

season (Beck et al., 2006).  492 

 493 
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 494 

Fig. 8 Global distributions of the gap filling biases under the Simgaps evaluation. 495 

 496 

3.6 The filling effect for the gaps from real observations 497 

The global bias maps for the Realgaps evaluation were presented in Fig. 9. The 498 

spatial patterns of biases are similar to that in the Simgaps evaluation, while the biases 499 

were somewhat larger due to larger gap sizes in some series. The biases for all of the 500 

approaches are somewhat larger in India, and it might be derived from the frequent 501 

cloudy cover in the wet season when the vegetation grew rapidly and the seasonal 502 

trajectories of the vegetation disagreed with the fitting models. Except for the DL, all 503 

other five approaches showed large biases in the east of Europe, which might be 504 

caused by the long successive gaps appeared in winter. 505 

 506 
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 507 

Fig. 9 Global distributions of the gap filling biases under the Realgaps evaluation. 508 

 509 

The performances of the IDR, SG, LACC and Fourier are similar. Most of the 510 

biases are less than 0.04. The Fourier performs poorly in part of the boreal forest due 511 

to the spurious oscillations happened in the dormancy stage or mature stage (Fig. 6a). 512 

The Whit presents large biases in the agricultural zones of China with bimodal or 513 

multimodal cropping patterns due to the over-smoothing around the turning points 514 

(Fig. 6f). The DL showed the best performance in the middle and high latitudes of 515 

Northern Hemisphere (> 40°N), but large biases were appeared in the tropical 516 

rainforest due to the vague seasonality (Kandasamy et al., 2013), and in the 517 

agricultural zones due to the inapplicability of the double logistic function to describe 518 

bimodal and multimodal seasonal patterns (Beck et al., 2006).  519 
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 520 

3.7 The recovery of the maximum curvature point 521 

The biases in the Keypoint evaluation are larger than those in the Simgaps 522 

evaluation for all of the approaches (Fig. 10). Larger biases occur in India and the 523 

vegetated areas around the Gulf of Guinea and the southeast of Asia for all of the 524 

approaches. In India, the temporal shapes of the vegetation growth vary spatially and 525 

are difficult to fit in the gap filling model. The maximum difference between the 526 

model and the reference NDVI occur in the maximum curvature position. In areas 527 

around the Gulf of Guinea and the southeast of Asia, the large invalid observations 528 

from the frequent cloud cover (Fig. 3a) increase the uncertainties to fit the maximum 529 

curvature point. 530 

 531 

 532 

Fig. 10 Global distributions of the gap filling bias under the Keypoint evaluation. 533 
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 534 

Except for these areas, the SG and LACC show great performance in the 535 

recovery of the maximum curvature point. In the agricultural zones of China with 536 

bimodal or multimodal seasonal patterns, the biases for the IDR, Fourier and Whit are 537 

above 0.08, 0.08 and 0.10, respectively, meaning that these approaches would lead to 538 

a large bias in this local area for the extraction of vegetation phenology. The 539 

over-smoothing around the turning point led to the large biases for the Whit in the 540 

boreal forest (Fig. 6a). The performance is poor for the Fourier in the middle latitudes 541 

of the Northern Hemisphere, with biases above 0.08. The DL performed quite well, 542 

except for those inapplicable areas, such as areas with double rice or savanna and the 543 

mixed area of forest and grass. 544 

 545 

3.8 The resistance to noise on valid observations 546 

Global maps of the biases for Noise evaluation are presented in Fig. 11. 547 

Generally, the curve-fitting approaches (Fourier and LACC) shows stronger resistance 548 

than the others, especially for the SG and Whit. Compared with other evaluated 549 

aspects, high noise level (up to 40% of the reference NDVI value) used in the Noise 550 

evaluation resulted in much larger global overall biases and lower statistical results 551 

with biases lesser than 0.03. Most of the biases for Fourier (59.80%) and LACC 552 

(75.28%) are less than 0.03, which is better than those of the SG, Whit IDR and DL 553 

(Tab. 1), indicating that these two approaches are more resistant to noise 554 

contamination. The iterative mechanism makes the IDR more resistant to the noises 555 
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than the SG, Whit and DL. A slight fluctuation in the decrease or increase period 556 

would change the shape of logistic function, making the DL less resistant to the noises. 557 

All six approaches present poor resistance to the noises in the boreal forest of east 558 

Russia and local areas in the central of North America. The LACC exhibits the best 559 

resistance to the noises in the Southern Hemisphere compared with other five 560 

approaches. The DL, SG and Whit perform relatively poorer to the noises in most part 561 

of the Southern Hemisphere. The sensitivity of the SG to noisy time series parameters 562 

supports the conclusions drawn by Jonsson and Eklundh (2002) and Hird and 563 

McDermid (2009). 564 

 565 

 566 

Fig. 11 Global distributions of the gap filling biases under the Noise evaluation. 567 

 568 

3.9 The stability of the reconstructed curve 569 
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The stability of an approach refers to the ability to preserve the shape of the 570 

seasonal trajectories of vegetation growth. High stability means that the uncertainties 571 

in the valid observations would lead to little change on the vegetation growth curve. 572 

The stability of gap filling is a prerequisite for the inter-annual comparison of 573 

vegetation status. Fig. 12 shows the global biases distribution of the six approaches 574 

for the Stability evaluation. The six approaches show great stability for the middle 575 

latitudes of the Northern Hemisphere (30°N-50°N) and the Southern Hemisphere 576 

(10°S-50°S), with biases less than 0.04. Large biases (>0.08) are found in the tropical 577 

rainforest and the boreal forest. The ranks of the stability for the gap filling 578 

approaches are Whit > Fourier > LACC > DL > SG > IDR (Tab. 1). Compared with 579 

the other five approaches, the Whit has the best global stability. The Whit, Fourier and 580 

LACC are more stable than the DL, IDR and SG in the Amazon Basin and the Congo 581 

Basin. The Fourier with two harmonics shows the best overall stability (61.32% of 582 

pixels with biases smaller than 0.03) compared with other five approaches or the 583 

Fourier with four harmonics. It indicates that the Fourier with higher harmonics had 584 

lesser stability. 585 

 586 
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 587 

Fig. 12 Global distributions of the final biases under the Stability evaluation. 588 

 589 

 590 

4. Discussion 591 

The main contribution of this paper is the global pixel-by-pixel evaluations of the 592 

gap-filling approaches from five aspects. The selection of an approach for gap filling 593 

depends on the purpose of the data application (Keypoint and Stability evaluations), 594 

the seasonal trajectory of the vegetation growth (global pixel-by-pixel evaluations), 595 

the amount and period of the invalid observations (Simgaps and Realgaps evaluations) 596 

and the quality of valid observations (Noise evaluation). To test various trajectories of 597 

vegetation growth, the evaluations should be made pixel-by-pixel in the global scale 598 

rather than in some sampling sites. The Simgaps and Realgaps evaluations test the 599 

filling abilities for different amount and period of gaps. As the maximum curvature 600 
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point of seasonal trajectory is usually taken as an indicator of the vegetation 601 

phenology, the protection of the maximum curvature point is regarded as an indicator 602 

for gap filling. The residual contamination on valid observations would have the 603 

ill-effect on the filling results. The resistance to noise was also evaluated. The stability 604 

of an approach was evaluated because it is important for the inter-annual comparison 605 

of vegetation status. But the smoothing ability was not tested because the real 606 

observations are not always smoothing. Global bias maps with different evaluations 607 

describe the ability of each approach for gap filling, which could be a guide to select 608 

the optimal approach to reconstruct the time series of vegetation parameters for a 609 

certain data application. 610 

The six approaches were evaluated with the same parameters in the global scale 611 

without modification for local conditions. The tunable parameters in some evaluated 612 

approaches are adaptable to be suitable for the local conditions, such as the harmonics 613 

of the Fourier, the smoothing parameter of the Whit, the threshold of the IDR and the 614 

moving window width of the SG. It is impossible to set input parameters which are 615 

optimal for different regions in the global scale. The parameters were tried to set as 616 

optimal as possible for global performance. The Fourier with four harmonics shows 617 

better performance than that with two harmonics (Fig. 13a and Fig. 13b). But for 618 

higher input harmonics, such as six, except for the agricultural zones with double or 619 

triple cropping seasons, the performance became worse than the four harmonics. 620 
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 621 

Fig. 13 Comparisons between different tunable parameters for the approaches under 622 

the Simgaps evaluation. 623 

For the IDR, small threshold makes the reconstructed value approximate to the 624 

mean value of its pre- and post-value. The threshold of 0.02 was used in original study 625 

(Julien and Sobrino, 2010), but it tended to overestimate low NDVI values. Several 626 

candidate thresholds were tested and the 0.1 was found the best (Fig. 13c and Fig. 627 

13d), therefore the default threshold was set as 0.1. For the SG, the threshold of 5 for 628 

the half-width of smoothing window showed better performance than the suggested 629 

threshold of 6 in the literature (Fig. 13e and Fig. 13f). For the Whit, Atzberger and 630 

Eilers (2011) suggested the lambda parameter as 2 or 15. The lambda of 15 would 631 
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over-smooth the maximum curvature points, and the lambda of 2 showed obvious 632 

better performance than the lambda of 15 for almost all the global scale (Fig. 13g and 633 

Fig. 13h). Therefore, the lambda of 2 was set in this study. 634 

There was no special modification for the double logistic function (DL) approach. 635 

The DL approach was proposed to extract the vegetation phenology at high latitudes 636 

in the first place (Beck et al., 2006) because of its similar shape to the vegetation 637 

growth trajectory in this region. Five global evaluations about this approach was 638 

conducted to guide its global usage and future modification. The DL performed well 639 

for the pure temperate or boreal vegetation with two ideal “S”-shaped vegetation 640 

growth trajectories. But it was inapplicable for the complex seasonal trajectories 641 

which departed far from the ideal “S” shape, such as the grassland with obvious 642 

two-stage greenness increase (Cao et al., 2015) and the mixed vegetation with 643 

two-stage senescence (Fig. 6e). In addition, the DL were unable to describe the 644 

vegetation pixels with more than one annual growing season, and more logistic 645 

functions (e.g. four or six) or the piecewise procedure (Zhang et al., 2003) could be 646 

used to simulate these pixels. 647 

The reference NDVI, which was generated from observations during 15 years, is 648 

not perfect. In some regions, the valid observations in a certain period are always 649 

unavailable, so that the reference NDVI is invalid. In this case, the reference NDVI 650 

was interpolated linearly from the neighboring valid values. In some cases, the linear 651 

interpolation could not represent the true values, especially the missing values in the 652 

minimum or maximum points. But these cases are quite few in the global scale. 653 
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Besides, the reference NDVI was generated under the assumption that the trajectory 654 

of the vegetation growth in the same site is similar. This assumption would not be 655 

appropriate for some vegetation types, such as savanna or cropping. The growth of the 656 

savanna vegetation is mainly determined by the precipitation but the date of 657 

precipitation is very different for year to year. The shape of crop growth is mainly 658 

determined by the agricultural patterns. At the same time, the ephemeral water bodies 659 

would decrease the observed NDVI, which leads the reference NDVI to diverge from 660 

the truth. Additionally, others factors, such as the frequent atmospheric contamination 661 

and the atmospheric over-correction, would introduce uncertainties to the reference 662 

NDVI. Although these uncertainties existed, the reference NDVI could represent the 663 

basic trajectory of the vegetation growth for most of the sites.  664 

The angular effect exists in MOD09A1 and MYD09A1 reflectance. The MODIS 665 

NBAR product (MCD43A4) has been corrected the directional effect but there were 666 

too many missing values in it. It was found that the angular effect was not so obvious 667 

in the reference NDVI. The ratio used in the definition of NDVI and the averaging 668 

procedure for generating the reference NDVI could reduce most of the angular effect 669 

in the MOD09A1 and MYD09A1 directional reflectance. Fig. 14 shows several 670 

examples for the comparison between the NDVI series and BRDF-corrected NDVI 671 

series (named as NDVI_NBAR) in 2006. These examples show that, although there is 672 

a little difference between the NDVI from directional reflectance and that from 673 

NBAR, the shape of time series is nearly same. The large view zenith angles would 674 

introduce noises into NDVIs calculated from directional spectral reflectance. But the 675 
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observations with large view zenith angle were quite few in the global scale. 98.96% 676 

of the pixels were less than five observations (≈10%) with view zenith angle >55° in 677 

2008. 678 

  679 

  680 

  681 

Fig. 14 Several temporal examples for the comparison between the NDVI series and 682 

BRDF-corrected NDVI series (named as NDVI_NBAR) in 2006 from 70°N to 683 

20°N. The cloud and snow in MOD09A1 was masked by the inflexion-based 684 

cloud detection method, and was set as 0 in the calculated NDVI values. For the 685 

NDVI_NBAR, only the BRDF parameters from full inversion were used for 686 

correcting the BRDF effects of the MOD09A1 and then calculated the 687 

BRDF-corrected NDVI. The bracket in the upper left of each subfigure was the 688 

pixel position in the MODIS Tile. 689 
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It is impossible to evaluate all of approaches in this study. Other temporal 690 

approaches, such as the iterative caterpillar singular spectrum analysis approach 691 

(ICSSA) (Golyandina and Osipov, 2007), would perform well for filling the gaps with 692 

various fractions of invalid observations (Kandasamy et al., 2013). The spatial 693 

approaches were not evaluated due to their different assumptions. All of the evaluated 694 

approaches show relatively poor performance in the tropical monsoon forest in India, 695 

where the trajectory of the vegetation growth largely departs from the model curve. 696 

Some new approaches should be used for these vegetation types. 697 

The NDVI was selected to represent the vegetation parameters to evaluate the 698 

approaches for gap fillings. Other vegetation parameters, such as EVI, LAI and 699 

FAPAR, are similar seasonal patterns with the NDVI. Therefore, the evaluations for 700 

the NDVI were also appropriate for other parameters. 701 

5. Conclusion 702 

The six approaches for gap filling, including the Fourier, DL, IDR, Whit, SG and 703 

LACC, were globally evaluated pixel-by-pixel based on a reference NDVI generated 704 

from observations during 2000-2014. The evaluations of these approaches were 705 

conducted comprehensively, including the filling effect for the simulated gap and for 706 

the gaps from real observations in 2008, the recovery of the maximum curvature point, 707 

the resistance to noise on the valid observations and the stability of the reconstructed 708 

curve. The pixel-by-pixel evaluation considers all the possible seasonal trajectories of 709 

the vegetation growth and the gap conditions. 710 
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Global bias maps from five evaluation schemes describe the global applicability 711 

of each approach. The ranks for considering all of the evaluation aspects are LACC > 712 

Fourier > IDR > DL > SG > Whit. The SG performs well in all aspects, except for the 713 

resistance to the noise. The LACC was the best approach for global gap filling. The 714 

stability of LACC also made it suitable for the inter-annual comparison of the 715 

vegetation status. These bias maps could guide to select the optimal approach to 716 

regionally or globally reconstruct the time series parameters for certain applications. 717 

This work provides a new way for the global evaluations of all temporal gap filling 718 

approaches. 719 
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