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Abstract
Management zones (MZs) are efficient for applying site-specific management in agricultural fields. This study proposes an 
approach for generating MZs using time-series clustering (TSC) to also enable time-specific management. TSC was applied 
to daily remote sensing retrievals in a California vineyard during four growing seasons (2015–2018) using three datasets: 
evapotranspiration (ET), leaf area index (LAI), and normalized difference vegetation index (NDVI). Distinct MZs were 
delineated based on similarities in pixel-level temporal dynamics for each dataset, using dissimilarity index to determine 
the optimal number of clusters and compare TSC results. The differences between the cluster centers were calculated, along 
with the ratio between the centers’ differences and the range of each dataset, denoting the degree of difference between 
MZs centers. Similarity between MZs from each factor was quantified using Cramer’s V and Fréchet distances. Finally, an 
aggregated (multi-factor) MZ map was generated using multivariate clustering. The resulting MZs were compared to a 2016 
yield map to determine the significance of differences between means and distribution among MZs. The findings show that 
LAI TSC achieved the best cluster separation. The NDVI and LAI MZs maps were nearly identical (Cramer’s V of 0.97), 
while ET showed weaker similarities to NDVI and LAI (0.61 and 0.62, respectively). Similar findings were observed for 
the Fréchet distances. The yield values were found to be significantly different among MZs for all TSC maps. TSC may 
be further utilized for defining within-field spatial variability and temporal dynamics for precision irrigation practices that 
account for spatial and temporal variability.

Introduction

The information revolution in the agricultural sector pre-
sents new opportunities for characterizing attributes in the 
field, quantifying their spatial variability, and analyzing their 

causes (Coble et al. 2018). Precision agriculture (PA) is a 
management strategy that takes into account various data-
sets collected in the field to support decisions and actions 
to increase efficiency, productivity, and sustainability of 
agricultural processes (Pathak et  al. 2019). A common 
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management technique for applying PA is based on par-
titioning agricultural fields into homogeneous sub-units, 
termed management zones (MZs). MZs are defined accord-
ing to spatially varying properties in the field (Córdoba 
et al. 2016; Ohana-Levi et al. 2021) and enable various site-
specific management (SSM) applications, such as irrigation 
(Haghverdi et al. 2015; Ohana-Levi et al. 2019a), fertiliza-
tion (Nawar et al. 2017; Peralta et al. 2015), and pest-control 
(Park et al. 2007). The minimum size of MZs is proportional 
to the ability of the grower to differentially manage sub-units 
within the field (Albornoz et al. 2018; Zhang et al. 2002).

The datasets most used for MZ delineation include spa-
tially varying static attributes such as terrain, soil, and plant 
characteristics from one or more data layers. The resulting 
MZs are expected to be simple, stable over the years, and 
feasible for differential management practices (Nawar et al. 
2017). In recent years, however, there has been an increasing 
focus on temporally varying MZs, suggesting that differ-
ent timeframes within the growing season are characterized 
by dynamic spatial patterns throughout the field (Knipper 
et  al. 2019a,b; McBratney et al. 2005). O’Shaughnessy 
et al. (2015) successfully implemented a plant feedback 
system that relies on a wireless sensor network of infrared 
thermometers (IRTs). They used this system to develop 
dynamic prescription maps to accomplish adaptive irriga-
tion scheduling for cotton in a center-pivot field during two 
growing seasons. Fontanet et al. (2020) used time series of 
remotely sensed vegetation index along with soil moisture 
sensor measurements and root zone simulation forecasts to 
generate dynamic MZs designed for variable rate irrigation 
scheduling throughout the growing season in a maize field. 
These studies promote dynamic management in the field 
and do not consider the spatial characteristics of the whole-
seasonal temporal variation. However, the dynamic proper-
ties within the field, which are becoming commonly avail-
able at high temporal scales (less than a week) via satellite 
imagery, may be used to generate static MZs (Ohana-Levi 
et al. 2020a,b,c,d). This approach provides information on 
both the temporal and spatial characteristics in a field, which 
may be utilized for SSM applications as well as time-specific 
management (TSM).

Temporal datasets generated through remotely sensed 
imagery are suited for quantifying plant conditions within 
the field through space and time. Some satellite-derived 
datasets may be easily acquired at high temporal and spatial 
resolutions, providing a suitable platform for time-series 
analysis. Earth observation retrievals are commonly used 
for representing different aspects of grapevine conditions at 
the vineyard scale, such as evapotranspiration (ET; Knip-
per et al. 2019b), leaf area index (LAI; White et al. 2018), 
and normalized difference vegetation index (NDVI; Sun 
et al. 2017). All three variables are widely used in agri-
cultural practices and enable partitioning of the field into 

different groups suitable for SSM. Specifically in vineyards, 
these variables are related to yield spatial variability (Arab 
et al. 2021; Noa Ohana-Levi et al. 2019a) and distribution 
across the field, which may assist in optimization of yield 
amounts through smart management of the field. ET is the 
process in which water stored in the soil or vegetation is 
transferred to the atmosphere as vapor through plant tran-
spiration and direct evaporation (Maes and Steppe 2012). 
ET is an essential measure for determining water stress 
and water conditions of crops for irrigation purposes and 
has been successfully quantified using thermal imagery for 
agricultural practices in vineyards at the field scale (Knip-
per et al. 2019a,b; Semmens et al. 2016; Xia et al. 2016). 
ET was found to be provide valuable information for yield 
estimation (Sun et al. 2017) and an understanding of the 
relations between vineyard water stress and yield (Knipper 
et al. 2019a). LAI is the ratio of the area of foliage to the 
ground surface area with respect to the direction of radia-
tion (Monteith and Unsworth 2013; Watson 1947) and, at 
vineyard level, it is used to assess the spatial variability of 
canopy growth and density within the field, and has been 
used to estimate grapevine health in vineyards (Mathews 
and Jensen 2013), pruning weight (Johnson et al. 2003), and 
grape yield (Sun et al. 2017). NDVI is derived using the 
red and near-infrared spectral bands and is associated with 
the levels of photosynthetically active radiation absorbed by 
the canopy (Tucker 1979). NDVI has been widely applied 
in studies performed over vineyards and was shown to be 
spatially associated with the grapevine development through 
time (Kazmierski et al. 2011), water stress (Acevedo-Opazo 
et al. 2008; Ohana-Levi et al. 2019a), yield (Cunha et al. 
2010; Sun et al. 2017), bud differentiation (Cunha et al. 
2010), and additional characteristics in the vineyard.

LAI and NDVI have been shown to be strongly related in 
vineyards (Johnson et al. 2003) and reflect similar spatial and 
temporal patterns (Hall et al. 2008; Sun et al. 2017). ET was 
found to be affected by LAI throughout the growing season 
(Netzer et al. 2009; Ohana-Levi et al. 2020a,b,c,d; Vanino 
et al. 2015). Strong relations were also determined between 
NDVI and ET-related measures, such as the crop coefficient 
(Campos et al. 2010; Er-Raki et al. 2013). In many studies, 
soil properties such as water content and type were found to 
indirectly affect ET (Azevedo et al. 2008; Ohana-Levi et al. 
2020a), LAI (Azevedo et al. 2008), and NDVI (Martínez-
Casasnovas et al. 2010). Therefore, the spatial variability of 
these measures might be expected to be somewhat similar 
throughout the vineyard.

Multitemporal datasets composed of multiple images pro-
vide sets of time series. The latent spatial variability of the 
image time series can be extracted for a specific area during 
a specific timeframe. This process can be performed using 
various approaches for analyzing the temporal dynamics for 
each pixel in the image. Recent studies used multiple images 
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to extract the long-term trend of each pixel, using methods 
such as Mann-Kendell test for monotonic trend (Kumar et al. 
2017; Ohana-Levi et al. 2019b), the Cox-Stuart test (Militino 
et al. 2020), or the modified Seasonal Kendall test for cyclic 
datasets (de Jong et al. 2011). Alternatively, time-series vec-
tors, one for each pixel, may be compared throughout the 
spatial domain by clustering the pixels into homogeneous 
groups according to the similarities of their temporal dynam-
ics (Aghabozorgi et al. 2015). This time-series clustering 
(TSC) strategy is commonly applied with remote sensing 
data for land-cover mapping (Gómez et al. 2016; Petitjean 
et al. 2012; Zhang et al. 2017, 2014). TSC has also been 
applied for other cases; for example, Liu et al. (2018) applied 
three techniques of TSC to land surface temperature (LST) 
time-series products derived from MODerate-resolution 
Imaging Spectroradiometer (MODIS) satellite images. Xu 
et al. (2018) used k-means over a time series of Synthetic 
Aperture Radar (SAR) imagery derived from Sentinel 1 to 
generate temporal models of crops to classify crop catego-
ries in Wuqing District, Tianjin city, China. Several studies 
used time series of NDVI images to apply TSC (Romani 
et al. 2011; Viovy 2000). However, TSC has rarely been used 
to quantify spatial variability in agricultural fields (Ohana-
Levi et al. 2020a; Romani et al. 2011).

This research is part of the Grape Remote-Sensing 
Atmospheric Profile and Evapotranspiration eXperiment 
(GRAPEX) (Kustas et al. 2018) conducted by the Agricul-
tural Research Service of the United States Department of 
Agriculture (USDA—ARS) and E&J Gallo Winery. The 
goal is to apply TSC over several datasets of daily time 
series of images to generate MZs at the field scale, which has 
been rarely achieved, to the best of our knowledge. Ohana-
Levi et al. (2020a,b,c,d) applied TSC to partition a vineyard 
into MZs using different time components based on remote 
sensing retrievals of ET and relating the resulting MZs to 
environmental characteristics in the field including soil type, 
lithology, elevation, slope, aspect, and topographic wetness 
index. This current study extends the use of TSC based on 
remotely sensed imagery to other earth observation retriev-
als such as LAI and NDVI, which are accessible in high 
spatial and temporal resolutions.

In recent years, there has been a growing focus on SSM 
in agricultural fields using various techniques such as MZs, 
mostly relying on the spatial variation of soil and crops 
(Khosla et al. 2010). In this present work, we propose a 
framework to enable defining MZs using time series based 
on satellite retrievals of crop characteristics, in this case, ET, 
LAI, and NDVI. This way, the resulting MZs not only pro-
vide the spatial pattern within the field but also display the 
temporal dynamics typical of each MZ, as well as the under-
lying temporal differences between the MZs. This allows 
us to understand the extent of variation in crop conditions 
through time in the field, within each MZ, and between MZs, 

and may be used for better assessment of typical plant con-
ditions during the various phenological growth stages. The 
suggested framework may assist in SSM and TSM based on 
the monitoring of plant conditions throughout multiple sea-
sons. The overarching goal was to generate field MZs using 
different sets of time-series data based on remote sensing 
imagery. The specific objectives included: (1) generating 
MZs using TSC based on ET, LAI and NDVI time-series at 
a daily scale; (2) comparing the TSC performance among 
the three sets of time series; (3) defining MZs in the vineyard 
using multivariate clustering of the ET, LAI, and NDVI time 
series; and (4) relating the distributions of the MZs of each 
dataset with spatial variability in grape yield. Defining the 
relationships between the MZs and grape yield may assist in 
developing strategies for optimizing yield based on vegeta-
tive and water constraints.

Methodology

Study area

The study was conducted in a ‘Pinot noir’ vineyard located 
near Lodi, in the Central Valley of California (Fig. 1), char-
acterized by a Mediterranean climate. This is a 35 ha drip 
irrigated vineyard planted in 2009. The vines are trained in 
a split canopy, and the row orientation is east–west, with a 
spacing of 1.5 m between vines and 3.3 m between rows. 
The phenological cycle of the vineyard typically includes 
budbreak in mid-late March and harvest in late August. The 
vineyard area contains locations that were not planted with 
vines, including two vernal pools and a vineyard manage-
ment complex. These locations were masked out of the 
research area. Additionally, pixels at the vineyard borders 
were removed to avoid mixed-pixel effects and the impact of 
border vines that are influenced by external sources (Murolo 
et al. 2014).

Data collection—ET, LAI, and NDVI images

Three time-series datasets were generated based on satel-
lite imagery, combining data from multiple sensors using 
data fusion. Each dataset included images of specific meas-
ures, namely ET, LAI, and NDVI. All three time series were 
collected during four consecutive growing seasons during 
2015–2018. Each growing season was defined between 
March 1 until October 31, with a total of 245 days per season 
(example of such time series for a specific pixel is illustrated 
in Fig. 2) to capture the full growth cycle of the grapevines 
and photosynthetic activity, accumulating to a total of 980 
images for each dataset. The three time-series datasets are 
further described.
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ET image series

In this study, the Atmosphere-Land Exchange Inverse 
(ALEXI) model (Anderson et al. 2007) and the associated 

flux disaggregation technique (DisALEXI) (Norman et al. 
2003) were used along with the Spatial and Temporal Adap-
tive Reflectance Fusion Model (STARFM) (Gao et al. 2006) 
to blend ET timeseries from Landsat and MODIS. ALEXI 

Fig. 1  The research area located 
in the Central Valley of Cali-
fornia (a), consisting of a Vitis 
Vinifera Pinot noir vineyard (b)

Fig. 2  Visualization of the 
multiseasonal time series of 
evapotranspiration (ET), leaf 
area index (LAI), and normal-
ized vegetation difference index 
(NDVI) for a specific pixel. 
Each season begins on March 
1 and ends on October 31. The 
values during the winter were 
eliminated from the datasets
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relates the temporal dynamics of morning LST, derived from 
geostationary satellites, to atmospheric boundary growth 
affected by surface moisture availability and heat flux to esti-
mate daily 4 km ET fluxes. These images are too coarse for 
field-scale applications and were, therefore, spatially down-
scaled (DisALEXI) using higher resolution LST data based 
on thermal infrared (TIR) imagery from MODIS (1 km) 
and Landsat (30 m). STARFM was then used to combine 
Landsat and MODIS ET images and produce daily 30 m ET 
maps. Detailed descriptions of the ET modeling process may 
be found in Cammalleri et al. (2014) and Anderson et al. 
(2018). Previous studies presented good agreement between 
ET derived by ALEXI/DisALEXI and measurements from 
eddy covariance flux tower (Knipper et al. 2020; Knipper 
et al. 2019a,b; Semmens et al. 2016). Applications over the 
current vineyard near Lodi were presented by Semmens 
et al. (2016), and Knipper et al. (2019a,b, 2020).

LAI image series

Daily 30 m LAI time series from 2015 to 2018 were gener-
ated using the Harmonized Landsat and Sentinel-2 (HLS) 
surface reflectance (SR) (Claverie et al. 2018) through two 
steps. In the first step, LAI images at HLS acquisition dates 
were produced using regression trees trained from the high-
quality MODIS LAI retrievals and field LAI measurements. 
The reference-based regression tree approach was developed 
to make a MODIS-consistent LAI product at 30 m resolu-
tion (Gao et al. 2012) and has been assessed over California 
vineyards using Landsat imagery (Sun et al. 2017). In the 
current project, homogeneous and high-quality LAI retriev-
als from MODIS LAI products (MCD15A3H, 4 day, 500 m) 
were extracted from 2014 to 2019. The corresponding HLS 
surface reflectance values for the sampled MODIS pixels 
were averaged to 500 m resolution to create 500 m LAI-
SR records. LAI field measurements (n = 260) from three 
GRAPEX sites [Sierra Loma (Lodi), Ripperdan, and Bar-
relli] (White et al. 2018) from 2013 to 2019 were paired with 
30 m HLS SRs extracted from the measurement locations 
to generate 30 m LAI-SR records. Two types of LAI-SR 
records were combined using the weighting strategy similar 
to Gao et al. (2014). The regression trees were then built 
using the combined 500 m and 30 m records. The trained 
regression trees were applied to the HLS SR to generate 
30 m LAI maps on Landsat or Sentinel-2 acquisition dates. 
In the second step, a local moving Savitzky–Golay (SG) 
filter was used to remove noise, smooth data, and fill tem-
poral gaps (Gao et al. 2020). Noisy data points outside three 
standard deviations of the mean error were removed. For 
each pixel, the 2nd order polynomial fitting function was 
built from noise-free observations within the local moving 
window to fill gaps and smooth LAI to generate daily 30 m 
LAI time series.

NDVI image series

The 30-m NDVI images at Landsat or Sentinel-2 acquisition 
dates were produced using HLS SR from red and NIR bands. 
Cloud pixels identified in the HLS quality assurance (QA) 
layer were excluded. Daily 30 m NDVI time series from 
2015 to 2018 were generated using the same local moving 
SG filter approach as for LAI.

Yield map

The resulting MZ patterns were visually and quantitatively 
compared with spatial patterns grape yield across the study 
vineyard. Yield was mapped during harvest on August 22, 
2016 by E&J Gallo Winery using an Advanced Technology 
Viticulture (ATV, Joslin, Australia) yield monitoring system. 
A conversion of mass flow units into tons per hectare was 
conducted, eliminating outliers (yield data greater than three 
standard deviations from the mean), and normalized across 
harvesters. The yield map was interpolated to a 3 m grid 
using Vesper Spatial Prediction Software for Precision Agri-
culture (Whelan et al. 2002). Yield maps for other growing 
seasons were not included due to unreliable or missing data.

Time‑series clustering

A time series is defined as a set of observations recorded at 
specific time intervals (Brockwell and Davis 2016), while 
observations of time series are recorded continuously. TSC 
partitions multiple time series into homogenous groups 
depending on the similarities between each pair of time 
series within the dataset (Aghabozorgi et al. 2015). The 
datasets were prepared and analyzed as described below.

Data preparation

First, non-production areas (vernal pools, vineyard manage-
ment complex, and border pixels) were removed from each 
dataset, as described in Sect. “Study area”. For each dataset, 
outliers were in pixel-level time series were identified using 
the interquartile range (IQR) technique. A value was con-
sidered an outlier if it was higher than the sum of the third 
quantile and two times the IQR, or lower than the difference 
between the first quantile and two times the IQR. Values 
over/under the averaged high/low outliers were removed 
from the dataset. Further, missing values were interpolated 
by a moving average technique, using the “imputeTS” pack-
age in R (Moritz and Bartz-Beielstein 2017) a window of 
4 days. Finally, since the cycles of each time-series dataset 
were relatively similar, a dimensionality reduction approach 
was taken (Aghabozorgi et al. 2015). Each of the datasets 
included values corresponding to identical dates during 
each growing season. The time series for each pixel in each 
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dataset (ET, LAI, and NDVI) were aggregated to produce a 
mean seasonal profile representation. The aggregation com-
putation creates one seasonal profile, representing the typical 
seasonal values for each pixel in the vineyard. The length 
of representation is the length of the time-series frequency 
(e.g., the number of days defined for each growing season), 
including 245 (March 1–October 31) mean daily values. The 
seasonal representation was computed using “TSrepr” pack-
age in R (Laurinec 2018).

Fuzzy c‑means clustering

A clustering algorithm was then applied to the image time 
series. First, a pair-wise distance matrix of each time series 
was computed. A distance matrix may be generated using 
various techniques of distance measures that consider the 
dynamic changes in time series, such as dynamic time-warp-
ing, Hausdorff distance, Longest Common Sub-Sequence, 
and many more (Aghabozorgi et al. 2015). However, since in 
our case the similarities among pixels with the actual values 
of ET, LAI, and NDVI per day are of interest, we used the 
Euclidean distance measure to produce the distance matrix 
(Aghabozorgi and Wah 2014). The fuzzy c-means (FCM) 
clustering algorithm was used to apply the TSC. A fuzzy 
set includes fuzzy boundaries where each observation is 
assigned a degree of membership to each set. FCM partitions 
a collection of observations into c fuzzy groups. The algo-
rithm detects a cluster center in each group, such that the dis-
similarity measure between the center and the values of the 
different observations within the cluster is minimized (Gath 
and Geva 1989). The FCM algorithm was applied to each 
time-series dataset with 2 ≤ c ≤ 6 . The number of groups 
used to define the MZs was assigned based on the TSC with 
the best separation among clusters and the highest similari-
ties within the clusters, with a maximum of c = 6 assumed 
as a practical limit for vineyard management. The clustering 
was performed using the R package “ppclust” (Cebeci et al. 
2019). The resulting partitioning was evaluated using the 
silhouette index. This index measures the degree of similar-
ity between each observation and its cluster center compared 
to other cluster centers (Rousseeuw 1987). The silhouette 
width ranges from − 1 and 1, with higher values indicating 
better similarity to the assigned cluster. The average silhou-
ette width (ASW) was computed using the “cluster” R pack-
age (Maechler et al. 2019).

For each time-series dataset, a TSC map was generated 
(shown in sub-section Time-series clustering), and each TSC 
map was linked to complementary time-series plots. These 
plots show the time series of the centers of each cluster, 
along with the time series of the various pixels assigned 
to each cluster. An additional plot was produced to show 
the difference among the cluster centers (Ohana-Levi et al. 
2020a) (the plots are available in sub-section Time-series 

clustering). Furthermore, a ratio denoting the magnitude 
of difference between cluster centers was computed as the 
difference range among cluster centers was divided by the 
range of the dataset values. In other words, values of the 
difference range for each dataset was normalized to the data 
range to indicate the strength of the difference between MZs, 
with a higher ratio value signifying a larger difference.

Finally, the TSC assessment for each time-series dataset 
was performed using the ASW measure. For each TSC map, 
two ASW values were calculated: ASW of each cluster, and 
a global ASW value, averaging the ASW values of the dif-
ferent clusters.

Comparison among ET, LAI, and NDVI time‑series clustering

Dissimilarity measures were calculated to quantitatively 
assess the differences between TSC results from the three 
different datasets. A Cramer’s V statistic was computed 
for each pair of TSC maps. Cramer’s V is a statistical test 
designed to estimate the strength of an association between 
two categorical variables and ranges between 0 and 1 (Ako-
glu 2018). Therefore, values closer to 1 denote higher simi-
larities between paired TSC.

Additionally, the centroid values of the different clusters 
and the values of the difference among the cluster centers 
were normalized using the empirical cumulative distribu-
tion function. These normalized vectors were then compared 
using the Fréchet distance, which considers the location and 
ordering of the points along the curves and enables measur-
ing the similarity between two curves (Alt and Godau 1995). 
The Fréchet distance between two curves describes the mini-
mum length between them. Values approaching zero, signify 
strong similarities among curves. The higher the resulting 
value, the longer the distance between the curves, and they 
are considered dissimilar. This analysis was used for assess-
ing the resemblance between the curves of the different clus-
ter centers and their differences for each pair of datasets.

Multivariate time‑series clustering

The process of TSC described in sub-section Time-series 
clustering time-series clustering resulted in three TSC maps: 
for ET, LAI, and NDVI. After comparing the TSC perfor-
mance and the spatial and temporal patterns of these three 
maps, they were aggregated into one final MZ map for the 
vineyard. In the case where a pair of TSC showed strong 
association via the Cramer’s V test, one of the maps was 
removed from the multivariate clustering procedure. The 
multivariate clustering was performed by calculating the 
distance matrix of the categorical variables, where all TSC 
maps have c categories. The Gower’s similarity coefficient 
(Gower 1971) was used to generate the distance matrix, 
which was then used to run a partition around medoids 
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(PAM) clustering algorithm (Kaufman and Rousseeuw 
1990) and generate an aggregated MZ map. The PAM algo-
rithm searches for c representative objects, or medoids, 
among the observations in the dataset. After locating c 
medoids, each observation is assigned to its nearest medoid. 
An iterative process is applied to minimize the dissimilari-
ties of the observations to their closest medoid (Reynolds 
et al. 2006). The bivariate clustering procedure was applied 
using the R package “cluster” (Maechler et al. 2019).

Comparison of management zones using the yield 
map

To assess whether the MZs, delineated using the time series 
of each dataset (ET, LAI, NDVI) and the multivariate clus-
tering, are compatible with yield spatial variability, two 
statistical analyses were conducted. These analyses used 
the continuous values of the 2016 yield map (described in 
sub-section Yield map) and the clusters of each dataset as 
categorical variables. First, an unpaired t test was applied to 
the pairs of clusters for each dataset to assess the differences 
between means (Ohana-Levi et al. 2020a). Second, a Kol-
mogorov–Smirnov test (Lilliefors 1967) between all paired 
cluster centers was used to assess the similarity between 
distributions (Noy et al. 2021). These statistical tests were 
conducted using R (R Core Team 2020).

Results

Time‑series clustering

The original time-series datasets of ET, LAI, and NDVI 
were composed of 980 images that were aggregated to allow 
seasonal representation for each dataset. The aggregated 
time-series datasets were used to partition the vineyard into 
MZs according to similarities in pixel-level temporal dynam-
ics. The optimal number of clusters was selected using the 
ASW index for 2 ≤ c ≤ 6 , while two clusters achieved the 

highest score (Table 1), and each dataset was clustered 
accordingly. Figure 3 illustrates the TSC maps delineating 
the MZs, while Table 2 provides the supporting statistics 
for the TSC maps giving the ASW dissimilarity measure 
for both clusters and for the entire vineyard. LAI received 
the highest ASW score, tightly followed by NDVI (0.49 and 
0.47, respectively), signifying a better separability between 
the clusters than for the ET TSC map. Cluster 2 was char-
acterized by weaker similarities to the cluster centers than 
Cluster 1 for all three TSC maps.

For each TSC map, three plots were generated showing 
the temporal dynamics of each cluster center and the differ-
ence between the centers of clusters 1 and 2 (Fig. 4). The 
general temporal pattern was similar among all datasets. 
Cluster 2 had lower values than Cluster 1 for all datasets, 
while both showed a sharp increase during the early sea-
son, followed by stabilization during June and July, and a 
decrease towards the end of the growing season. For all data-
sets, the differences between the cluster centers (Fig. 4a-c, 
bottom panels) showed the highest similarities at the begin-
ning of the season. While the season progressed, the differ-
ences between the time series of the two clusters increased. 
The strongest difference between clusters was attributed 
to LAI (Table 3), with a 40% difference range to the data 
range ratio. The strongest similarities between clusters were 

Table 1  Average silhouette 
width (ASW) scores for 
2–6 cluster partitioning of 
evapotranspiration (ET), 
leaf area index (LAI), and 
the normalized vegetation 
difference index (NDVI) time 
series

Values in bold signify the high-
est ASW value for each dataset, 
signifying a higher cluster qual-
ity

Number 
of clus-
ters

ET LAI NDVI

2 0.41 0.49 0.47
3 0.27 0.42 0.44
4 0.24 0.32 0.46
5 0.23 0.27 0.4
6 0.22 0.21 0.39

Fig. 3  Time-series clustering maps for satellite-derived a evapotran-
spiration (ET); b leaf area index (LAI); and c normalized vegetation 
difference index (NDVI)

Table 2  Average silhouette width (ASW) values for evaluation of 
time-series clustering performance for the evapotranspiration (ET), 
leaf area index (LAI), and normalized difference vegetation index 
(NDVI) datasets

ET LAI NDVI

Global ASW 0.41 0.49 0.47
Cluster 1 ASW 0.50 0.58 0.58
Cluster 2 ASW 0.25 0.34 0.29
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attributed to ET, with the lowest global ASW (Table 2) and 
lowest difference range to data range ratio (Table 3).

Comparison among ET, LAI, and NDVI time‑series 
clustering

The time-series of cluster centers 1 and 2 for ET, LAI, and 
NDVI, as well as the difference curves between the clus-
ter centers, were normalized (Fig. 5). The association and 
similarity statistics (Table 4) show very strong similarities 
between LAI and NDVI for both the Cramer’s V statistic and 
Fréchet distance for Clusters 1 and 2. ET was found to have a 
slightly stronger association to LAI than to NDVI. However, 

for the cluster difference curves, the lowest distance was 
found between ET and NDVI, signifying higher similarity 
for the temporal cluster separation dynamic.

Bivariate time‑series clustering

An aggregated MZ map for the vineyard was generated using 
a distance matrix derived from the categorical cluster values 
(1 and 2) of two datasets. The association between LAI and 
NDVI was found to be very strong (Table 4), therefore, the 
LAI TSC map was removed from the analysis. The bivari-
ate clustering was generated using the ET and NDVI TSC 
maps (Fig. 3) and provided an aggregated MZ map for the 
vineyard (Fig. 6), with ASW of 0.75. A visualization of a 
yield map for the 2016 harvest is also provided in Fig. 6b 
to demonstrate the similarity between the spatial patterns of 
the bivariate clustering map and yield.

Analysis of the yield map against time‑series 
clustering maps

The results of the statistical tests conducted to assess simi-
larities between the cluster maps spatial patterns and yield 
spatial distribution are summarized in Table 5. For all 
datasets, the means of yield were found to be significantly 

Fig. 4  Time-series clustering plots for satellite retrievals of a evapotranspiration (ET, mm  day−1); b leaf area index (LAI); and normalized veg-
etation difference index (NDVI). The colored lines are the cluster centers

Table 3  Cluster center difference measures for the evapotranspira-
tion (ET), leaf area index (LAI), and normalized difference vegetation 
index (NDVI) datasets

ET (mm  day−1) LAI NDVI

Data range 0.55–6.16 0.99–2.47 0.43–0.79
Cluster centers 

difference range
− 0.02–0.58 − 0.02–0.58 0–0.1

Difference range 
normalized to 
data range

0.11 0.40 0.30
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different among the two clusters of each map, as well as 
the distributions of yield values among the two clusters.

Fig. 5  Normalized values of cluster centers and their differences for a 
normalized values of cluster center 1; b normalized values of cluster 
center 2; and c normalized values of cluster centers differences, for 

evapotranspiration (ET), leaf area index (LAI), and normalized differ-
ence vegetation index (NDVI) datasets

Table 4  Cramer’s V and Fréchet distance similarity measures of the time series of Cluster center 1, Cluster center 2, and their difference among 
the evapotranspiration (ET), leaf area index (LAI), and normalized difference vegetation index (NDVI) datasets

The Fréchet distance was conducted on the normalized cluster centers

ET-LAI ET-NDVI LAI-NDVI

Cramer’s V 0.62 0.61 0.97
Fréchet distance cluster center 1 32.89 27.95 4.86
Fréchet distance cluster center 2 29.31 28.83 5.96
Fréchet distance cluster center difference 23.18 17.80 20.37

Fig. 6  Bivariate clustering 
derived from the time-series 
clustering maps of evapotran-
spiration (ET) and the normal-
ized difference vegetation index 
(NDVI) (a); and a yield map of 
the vineyard for the harvest of 
2016 (b)
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Discussion

Three sets of time series of satellite-derived images of ET, 
LAI, and NDVI at a temporal resolution of 1 day were clus-
tered to define MZs in a California vineyard (Fig. 3). The 
temporal values of each pixel were averaged to represent 
a seasonal profile and served as input to a FCM clustering 
algorithm, using two clusters (Table 1). The performance 
of the clustering algorithm was better for NDVI and LAI 
(Tables 2, 4), which were shown to have smoother temporal 
patterns (Fig. 2) than ET. The comparison conducted among 
the three TSC maps, each clustered into two MZs, showed 
that NDVI and LAI had a very strong similarity in MZ spa-
tial patterns across the vineyard (Table 4). LAI and NDVI 
are highly correlated in nature, and many empirical models 
estimate LAI using the relationship between LAI and NDVI. 
In this paper, LAI was retrieved using the regression trees 
trained on LAI-ground measurements and surface reflec-
tance. We included NDVI in this paper since it is a simple 
index that can be computed from the original surface reflec-
tance directly. ET was found to have a weaker association to 
LAI and NDVI, both spatially and temporally, while com-
paring the normalized cluster centers (Fig. 5, Table 4). A 
final MZ delineation may be conducted using multiple time 
series to account for various dynamic attributes within the 
field, as shown in Fig. 6. Finally, the MZs generated for each 
dataset were shown to be feasible and reliable (Table 5). The 
analysis of each cluster map determined that the suggested 
MZs provided a reliable separation of the vineyard into sub-
units, as significant differences in yield values (2016 harvest) 
were found among the clusters of each map.

The TSC approach relies on the notion that particular 
objects (i.e. pixels) have more similar temporal dynam-
ics than do others, thereby enabling the determination 
of groups having similar temporal patterns (Liao 2005). 
Consequently, a dissimilarity between cluster centers was 
observed for each set of data. Table 3 indeed shows that 
Cluster 1 had higher ASW values for all datasets, with 
stronger similarities among its assigned observations. 
However, the degree of differences between the cluster 
centers of Clusters 1 and 2 for the three datasets was 

different. The discrepancies among cluster center differ-
ences were both in curve structure and the extent of differ-
ence between the cluster centers. The cluster center differ-
ences for ET, LAI, and NDVI (bottom panels in (Figs. 4, 
5c) do not display identical curves and temporal dynamics. 
Each dataset had different ranges of values and the ratio 
of the difference range to data range was found to be the 
highest for LAI (0.4, Table 3), followed by NDVI. This 
finding supports the higher global ASW values found for 
LAI followed by NDVI, compared to ET. Furthermore, 
the values of Fréchet distance among the normalized dif-
ference between cluster centers for each dataset (Table 4) 
show that ET and NDVI were more similar than cluster 
center differences compared for ET vs. LAI and LAI vs. 
NDVI. Finally, Table 5 shows that although all MZ maps 
were found to have significant differences between clusters 
when analyzing yield values, t and D statistics for LAI 
and NDVI analyses were higher, signifying stronger differ-
ences in yield values and distribution among the two MZs.

The variation in MZ partitioning accuracy and cluster 
center differences is most likely due to the nature of the 
datasets. ET was characterized by high fluctuations through-
out the growing season caused by changes in atmospheric 
demand, particularly during the early months of the rainy 
season, which is exacerbated by variability in cloud cover 
and is aligned with findings reported by previous studies 
conducted in vineyards located in Mediterranean regions 
(Ohana-Levi et al. 2020a,b,c; Vanino et al. 2015). This tem-
poral pattern made ET a more complex dataset to partition 
while relying on its temporal structure than LAI and NDVI 
that were both smoothly structured. For future use, ET time 
series may also be smoothed if achieving stronger cluster 
partitioning is required. Despite these differences, ET, as 
well as LAI and NDVI in the Lodi vineyard enabled to effec-
tively utilize the spatial variability in the vineyard based on 
a 30 m resolution set of images, as previously described in 
Ohana-Levi et al. (2020a) and Sun et al. (2017). The spatial 
characteristics of plant conditions in this vineyard are highly 
correlated to local attributes in the vineyard, such as the soil 
properties, slope and elevation (Ohana-Levi et al. 2020a).

Table 5  Differences in yield values among Clusters 1 and 2 of evapotranspiration (ET), leaf area index (LAI), normalized difference vegetation 
index (NDVI), and the bivariate clustering maps

Yield means (ton  ha−1) for each cluster (e.g., Cluster 1 and Cluster 2) of each map are shown. t test (t) and Kolmogorov–Smirnov (D) statistics 
determine the differences in means and distribution, respectively, between the yield values in Cluster 1 and Cluster 2 of each map

ET LAI NDVI Bivariate clustering

Yield mean Cluster 1 (ton  ha−1) 10.56 10.87 10.90 10.54
Yield mean Cluster 2 (ton  ha−1) 8.59 8.44 8.44 8.47
t (p value) 4.96 (p < 0.001) 7.38 (p < 0.001) 7.59 (p < 0.001) 4.83 (p < 0.001)
D (p value) 0.36 (p < 0.001) 0.46 (p < 0.001) 0.46 (p < 0.001) 0.35 (p < 0.001)
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Seasonal grapevine ET was found to be strongly affected 
by and associated with canopy structure (Netzer et al. 2009; 
Williams and Ayars 2005) with a strong temporal autocor-
relation (Ohana-Levi et al. 2020a,b,c). ET is also known to 
be responsive to NDVI levels. For example, Er-Raki et al. 
(2013) found an exponential relationship between crop coef-
ficient and NDVI (R2 = 0.63) in table grapes in Northwest 
Mexico. NDVI is also known to be affected by some plant 
biophysical properties over time, such as the vine water con-
ditions (Geli et al. 2019). These interrelations are apparent 
in Fig. 5, where the general seasonal cycles of ET, LAI, and 
NDVI are aligned. The crop conditions are strongly affected 
by environmental characteristics of the vineyard, such as 
soil type, elevation, slope, etc. (Ohana-Levi et al. 2020a), 
affecting all three data types similarly across the field, with 
some distinctions. Table 4 shows these distinctions between 
the normalized cluster center curves. LAI and NDVI were 
found to have very similar temporal patterns, with low Fré-
chet distance values for cluster centers 1 and 2. Contrarily, 
ET cluster centers had higher difference levels from LAI 
and NDVI cluster centers due to the fluctuating structure of 
the ET data. The strong relations between NDVI and LAI in 
the vineyard correspond to previous findings in Napa Val-
ley using Ikonos satellite images on multiple grape varieties 
(Johnson et al. 2003; Johnson 2003). ET was indeed found 
to have stronger differences in temporal variability than LAI 
and NDVI. However, the latter two remote-sensing-based 
canopy measures may still be used for MZs delineation of 
the vineyard for irrigation applications.

This current work was conducted using a 1 day tempo-
ral resolution. However, the proposed analysis may be con-
ducted over various time scales, depending on the scope, 
extent of available data, and time frame of the study. The 
user should also consider the temporal autocorrelation of the 
data. For example, ET was found to have temporal depend-
ence for lags below 5 (Ohana-Levi et al. 2020b), meaning 
that time intervals of 5 days and above will not fully capture 
the variations in the seasonal pattern. Temporal clustering 
can be applied on various scales and temporal resolutions 
(Granell et al. 2015), however, the analysis should corre-
spond to the predefined objective. The temporal resolution 
may also affect the decision of the distance measure used in 
the clustering procedure (Aghabozorgi et al. 2015). In this 
present study case, ET, LAI, and NDVI were selected as 
measures of vine conditions, which vary rapidly, especially 
during critical phenological periods along the growing sea-
son (Arab et al. 2021; Knipper et al. 2020; Sun et al. 2017). 
Therefore, a daily temporal resolution was suitable for the 
analysis.

This study presented a simple case of TSC, and a com-
parison among three different datasets. A bivariate cluster-
ing approach was also presented (Fig. 6) using categori-
cal maps to generate MZ aggregation. The yield map of 

the vineyard for the 2016 season shows similar spatial 
patterns (Table 5), confirming that the MZs generated 
using the bivariate clustering of ET and NDVI may be 
accurately applied for SSM purposes. Ohana-Levi et al. 
(2020a) found a significant relationship between ET TSC 
for three time-series components and the spatial distribu-
tion of yield in the same study site. They reported that the 
spatial distribution of the MZs was affected by within-
field variability in soil type and elevation. Similar rela-
tions between MZs and yield for LAI and NDVI (Table 5) 
suggest that the environmental conditions in the vineyard 
generate statistically significant variations in the vegeta-
tive attributes of the vines, as well as in yield. SSM and 
TSM may be used to minimize these variations and reach 
stronger homogeneity across the field during all stages of 
the growing season. Alternatively, differential harvest may 
be applied according to theses variations.

The bivariate clustering method suggested in this study 
may be substituted and applied using various multivariate 
TSC techniques. For example, the TSC of multiple datasets 
may be applied by concatenating the multiple variables 
into a single vector prior to clustering (Wang et al. 2007). 
A different approach used a principal component analysis 
(PCA)-based similarity measure between the time series, 
thus transforming the multivariate time series into a new 
coordinate space (Li 2019). A feature-based approach sug-
gested converting the raw time-series into a feature vector 
of lower dimensions, followed by applying a conventional 
clustering algorithm (Aghabozorgi et al. 2015). The lat-
ter approach may facilitate future applications of defining 
MZs based on multiple time series along with static data 
in the field (e.g., elevation, lithology, slope, etc.).

MZs based on vegetative attributes and water demand 
provide valuable information for skilled decision-making 
and data-driven irrigation applications for existing vine-
yards, as well as differential harvesting. TSC may also 
surrogate terrain and soil information from the field for 
determining spatial patterns, thus eliminating the need 
for collecting field data. However, not only the spatial 
variability is represented when using TSC, but also the 
temporal variability at the pixel scale, the MZ scale, and 
if required, the vineyard scale. Quantifying the differ-
ence in temporal variability among the MZs is useful for 
field management and irrigation practices during different 
stages of the growing season. For example, this current 
study showed that temporal differences among MZs at 
the beginning and end of the growing seasons were quite 
small, such that differential irrigation may be effective 
only during mid-season. Finally, in this era of data deluge 
and progressive analysis algorithms, there is a growing 
potential for integrating various types of datasets to extract 
meaningful information regarding specific processes and 
minimize uncertainty concerning field management.
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Conclusions

In this present study, a technique for generating MZs in 
agricultural plots using time series of images was pro-
posed. As satellite imagery becomes more abundant, 
with higher spatial and temporal resolutions, TSC using 
remote sensing datasets may be further utilized for deal-
ing with spatial variability and heterogeneity in fields for 
SSM practices. The suggested approach is highly effec-
tive when the delineation of the field is conducted based 
on the seasonal patterns of crop conditions (e.g., water 
stress, canopy cover, etc.), rather than static field attrib-
utes (e.g., soil properties or terrain). The results show 
that remote sensing retrievals of ET, LAI, and NDVI were 
suitable choices for partitioning the vineyard into MZs, 
while higher separability between clusters was found for 
LAI and NDVI. Using datasets with smoother temporal 
dynamics may produce a stronger clustering with better 
separation. Remote-sensing retrievals of NDVI and LAI 
are much more commonly acquired than ET and may serve 
as proxies of ET for MZ delineation. However, in cases of 
limited plant available water or high atmospheric demand 
(e.g., heat waves), having ET becomes critical in detecting 
plant stress. Furthermore, multiple datasets may be used 
to generate an aggregated MZs map, thus basing decision-
making processes on more information from the field.

In this study case, images with a spatial resolution of 
30 m were used. However, with the new higher resolu-
tion sensors, such as Sentinel-2 and VENµS, the suggested 
approach may also be used in smaller fields and for various 
timeframes. Moreover, although this manuscript presented 
a vineyard as a study case, due the high temporal vari-
ability and dynamic patterns of grapevines throughout the 
growing season, the suggested approach may be applied to 
various crops and different field conditions across diverse 
climatic regions. Finally, TSC is a valuable method for 
modeling temporal dynamics over space using remotely 
sensed data and may be applied to research fields other 
than agricultural modeling, such as land-cover monitoring, 
environmental phenomena, meteorological and climatic 
properties, and more.
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