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A B S T R A C T   

Earth observation image data are regularly used to capture surface conditions over large areas, but there is a 
trade-off between high (or low) spatial and low (or high) temporal resolution. The Enhanced Spatial and 
Temporal Adaptive Reflectance Fusion Model (ESTARFM) overcomes this trade-off by fusing high spatial and 
temporal resolution multisource image data. However, ESTARFM requires additional modifications in order to 
provide reliable estimates of surface conditions showing large spectral differences in highly dynamic and frag-
mented agricultural systems. We modified ESTARFM by taking a knowledge-based approach to track maize and 
rice phenology in a highly dynamic and fragmented agricultural landscape in Ethiopia in 2019. The two major 
improvements included: (i) Selection of Landsat-MODIS imageries based on crop sowing and harvesting infor-
mation and (ii) generation and use of a land cover map to select similar pixels. We assessed model performance 
with the enhanced vegetation index (EVI) derived from independent Landsat image data and in-situ leaf area 
index (LAI) data. The improved ESTARFM workflow resulted in reliable Landsat-MODIS prediction (R2 = 0.67, 
RMSE = 0.07) compared to the standard ESTARFM workflow (R2 = 0.54 RMSE = 0.01) during the rapid growth 
stage. Our modifications outperformed the standard implementation of ESTARFM according to LAI magnitude 
(R2 = 0.73–0.84 versus R2 = 0.58–0.64) and phenological timing (RMSE = 8 days verses RMSE = 12 days). Our 
modified application of ESTARFM serves as a basis for monitoring crop growth and development in highly 
dynamic and fragmented agricultural systems.   

1. Introduction 

Sustainable agricultural production faces enormous challenges due 
to the intensification of extreme weather events, increased soil infer-
tility, and rising food demand from a growing population and middle 
class (Karthikeyan et al., 2020). The problem is more acute in small-
holder farms in Africa because these systems are predominantly rainfed 
and farmers do not have sufficient mechanisms to cope with adverse 
crop growth conditions (Mutanga et al., 2017). Agricultural monitoring 
at moderate to high spatial resolution (≤30 m) can help policy and 
decision making related to timely interventions that prevent crop 
damage or failure (Zhang et al., 2020). Crop phenology is a critical 
component of agricultural monitoring because it helps detect anomalous 
environmental conditions (Brown et al., 2012; Zheng et al., 2016) and 
improves crop yield forecasts (Boschetti et al., 2009). However, map-
ping crop phenology is a challenging task in many smallholder systems 

in Africa due to the diverse topography, localized climate patterns, 
mixed land cover, small and scattered land holdings, and persistent 
cloud cover (Xiong et al., 2017). 

Earth observation imagery captures eco-physiological conditions of 
crop growth and crop development over large areas over time (Mutanga 
et al., 2017). However, there is a trade-off between high (or low) spatial 
and low (or high) temporal resolution of available sensors (Gao et al., 
2006). Coarse resolution (≥250 m) daily image data captured by Mod-
erate Resolution Imaging Spectroradiometer (MODIS) is unable to 
resolve smallholder fields (<2ha) (Zhang et al., 2020). Higher spatial 
resolution sensors such as Landsat are inadequate for tracking crop 
growth and development due to their long (16-day) revisit time (Zhou 
et al., 2020). Some studies have overcome the trade-off by integrating 
multiple higher resolution sensors with different acquisition dates 
(Cheng et al., 2020; Vrieling et al., 2017). However, persistent cloud 
cover, as is common in the tropics, limits the applicability of these 
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methods. 
A spatiotemporal data fusion approach that blends frequent coarse 

and infrequent high spatial resolution images to reproduce high 
spatiotemporal images is a widely used strategy to bridge the spatial and 
temporal divide (Tao et al., 2021). There are two basic classes of data 
fusion methods: unmixing and weight function methods (Zhu et al., 
2018). Unmixing methods such as MERIS–Landsat fusion (Zurita-Milla 
et al., 2008) and the Unmixing-based Spatiotemporal Reflectance Fusion 
Model (Huang and Zhang, 2014) apply linear spectral mixing theory to 
unmix coarse resolution pixels. They assume no land cover change 
during the period of study, so the class proportion is constant for each 
coarse image, even though this may not be the case (Rao et al., 2015). 
Weight function methods, such as the Spatial and Temporal Adaptive 
Reflectance Fusion Method (STARFM: Gao et al. (2006)), combine in-
formation from neighbouring pixels exhibiting similar spectral re-
sponses in high resolution pixels to account for changes in coarse 
resolution pixels. STARFM assumes that the reflectance change of pixels 
in the high-resolution image is equivalent to that of the corresponding 
coarse resolution pixel. Thus it searches for pure coarse-resolution pixels 
within a moving window and uses them to determine the temporal 
weight to make predictions at high resolution (Gao et al., 2015). The 
process creates undesirable results if a pure pixel is not available within 
the search window of the coarse image, which is typically the case in 
smallholder agricultural systems (Zhu et al., 2010). The enhanced 
STARFM (ESTARFM: Zhu et al. (2010)) uses a conversion coefficient 
that considers different reflectance change patterns of endmembers in 
such an environment. Hilker et al. (2009) developed a spatial and 
temporal adaptive algorithm (STAARCH) to map reflectance change 
from the frequent coarse input, using a change detection method. 
Nevertheless, rapid spatial and temporal reflectance changes in small-
holder agricultural systems reduce the accuracy of these methods due to 
inadequate high-resolution inputs and methods to address spatial and 
temporal variations (Zhu et al., 2018). 

ESTARFM has been widely applied in various crop monitoring ap-
plications in complex landscapes, due to its two tuning parameters: 
complex similar pixel selection (identified through the intersection of 
two high-resolution input images) and a conversion coefficient, which 
helps capture spatial variation (Liu et al., 2018; Zhou et al., 2020). 
However, abrupt land cover/phenological changes and gaps due to 
persistent cloud cover between base and prediction dates seriously de-
grades performance (Gao et al., 2015). The distribution of high- 
resolution inputs (Gevaert and García-Haro, 2015) and the number 
and quality of similar pixels are therefore essential model parameters to 
improve data fusion (Ma et al., 2018). Studies improving ESTARFM have 
determined the number of classes (c) and moving window size (w) based 
on ISODATA classification to select similar pixels from uniform classes 
(Knauer et al., 2016; Ma et al., 2018). Yet, in fragmented agricultural 
landscapes, croplands have similar reflectance properties to the sur-
rounding natural vegetation in coarse resolution pixels, which makes it 
challenging to obtain accurate and adequate similar pixels based on 
simple clustering methods. Moreover, the temporal distribution of the 
high resolution input that affects similar pixel selection itself has 
received little attention in the literature. Methods for optimal selection 
of input images are worth investigation to obtain time-series predictions 
for crop phenology (Ma et al., 2018; Tao et al., 2021). 

This study applied a knowledge-based data fusion workflow based on 
ESTARFM to monitor crop phenology in a highly dynamic and frag-
mented agricultural landscape. The main objectives were: to evaluate 
the contribution of (i) sowing and harvesting dates (crop calendar in-
formation) and (ii) land cover information to improve ESTARFM 
Landsat-MODIS image data fusion; and to determine crop phenology in a 
fragmented agricultural landscape. The overall data fusion accuracy was 
compared with independent Landsat images. Time-series in-situ LAI 
magnitude, planting, and harvest information acquired in maize and rice 
during the 2019 growing season were used to evaluate the field-level 
performance of data fusion and phenology detection against the 

standard ESTARFM implementation and against MODIS data without 
any data fusion. 

The manuscript is organized in five sections. In Section 2 the study 
area is described; Section 3 explains the modified ESTARFM workflow 
and the method for crop phenology detection. In Section 4 the data 
fusion and phenology detection results are analysed and evaluated. 
Section 5 discusses the contribution and limitation of data fusion and 
crop phenology detection. 

2. The study area 

The study was conducted in the northwest highlands of Ethiopia 
(10◦29′N to 12◦46′N latitude, 36◦44′E to 38◦14′E longitude) in the Lake 
Tana basin, which has a catchment area of approximately 15100 km2. 
The terrain consists of mountains, hills, plateaus, and flat plains, with 
elevation ranging from 1700 m to 3500 m asl (Fig. 1). The topography is 
shaped by several rivers flowing into Lake Tana. Lake Tana is on the 
northernmost ascent of the intertropical convergence zone, which re-
sults in one rainy season. The mean annual rainfall ranges from 970 mm 
to 1900 mm, with most rain falling from mid-June to mid-September, 
supporting the production of Ethiopia’s main staple grains, teff, maize, 
millet, and rice. The spatial distribution of crops is largely determined by 
the complex topography and highly localized climate patterns. Four 
districts (Dangla, Mecha, Bahir Dar Zuria and Fogera) were selected for 
analysis to represent the region’s various crop types, topography, and 
climates. In Bahir Dar Zuria and Dangla, the agricultural landscapes are 
more fragmented and dominated by small-sized fields than Mecha and 
Fogera, which makes crop growth monitoring challenging. 

3. Data and methods 

Fig. 2 depicts the workflow of the study. Landsat–MODIS data was 
fused using ESTARFM. Crop calendar information from field observa-
tions of sowing and harvesting dates, and a land cover map were used for 
input data selection and similar pixel selection. Then, crop phenology 
was determined using the EVI time-series data. 

3.1. Field data 

LAI data were collected from 33 fields that were randomly stratified 
by crop type (maize and rice) (Fig. 1). Measurements were made three to 
four times during the season at the vegetative, reproductive, and grain- 
filling/ripening growth stages from July 16 to December 4, 2019. LAI 
data were collected within ± 8 days of Landsat overpass to temporally 
match ground observations on crop growth and development with 
remotely sensed spectra. LAI data were collected using Decagon’s 
AccuPAR ceptometer®. Standard procedures for ceptometer deploy-
ment and calibration were followed as outlined in the device manual 
and as recommended by Marshall and Thenkabail (2015). LAI was 
sampled over 60 × 60 m2 elementary sampling units (ESUs) to account 
for geo-location errors between the field measurements and Landsat 
ground sampling distance of 30 m. Within each ESU, 10 LAI readings 
(averaged from multiple positions within the canopy) were recorded in 
1 × 1 m2 quadrats. The results were averaged to produce one LAI 
reading for each ESU. 

Time-series of in situ LAI (Table 1) followed the natural cycles of rice 
and maize: LAI was low in the early vegetative and ripening stage ob-
servations and peaked by mid-September (maize) and October (rice). 
Maize LAI reached up to 5.6 m2/m− 2 when every green element fully 
emerged, 96 to 106 days after sowing. The maximum rice LAI was about 
3.97 m2/m2, and the peak season mean (3.04 ± 0.6 m2/m2) was recor-
ded 90–110 days after sowing when the crop had accumulated 
maximum biomass. LAI values then decreased during senescence to-
wards harvesting. 

We also collected sowing and harvest dates from farmers to evaluate 
the accuracy of our crop phenology estimation. Sowing dates were June 
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5–15 for maize and June 20–July 10 for rice. Harvesting dates were 
November 18–December 23 for maize and November 27–December 6 
for maize. 

3.2. Satellite image data 

Landsat-8 and MODIS surface reflectance data were used for fusion 
because of their relative spatial and temporal advantages for crop 
monitoring and consistency (Gao et al., 2017). Level-2 terrain corrected 
Landsat-8 data (path/row: 170/52) were acquired from the United 
States Geological Survey Earth Explorer (https://earthexplorer.usgs. 
gov/). MODIS Collection 6 level-3 MOD09A1 at 500 m and 8-day 
composite were acquired from NASA’s LPDAAC website 
(https://lpdaac.usgs.gov/), (horizontal/vertical: 21/7). We used six of 
the Landsat and MODIS bands for data fusion since the use of many 
bands improves separability of features during fusion (Gao et al., 2015) 
(Table 1). 

Landsat and MODIS images were acquired between May and 
December 2019 to cover the crop growing season (Fig. 3). In preparation 
for the data fusion, the Landsat and MODIS reflectance bands were 
stacked in the order of wavelength as listed in Table 2 and clipped to the 
extent of the study area. Low-quality pixels were flagged by the Landsat 
pixel quality and MODIS state flag bands. Furthermore, geometric and 
radiometric inconsistencies between the coarse and high-resolution 
sensors can impede the data fusion accuracy (Gevaert and García- 
Haro, 2015). To this context, the MODIS data was re-projected from its 
native Sinusoidal projection to WGS84 UTM zone 37 and resampled to 
30 m resolution using nearest neighbourhood. The resampled MODIS 
images were then co-registered to Landsat on the basis of 60 ground 

control points (GCPs). The miss-registration error with overall x and y 
shift was small: <1 (0.004 m, RMSE = 0.0035 m). Radiometric 
normalization was deemed unnecessary given the small difference be-
tween Landsat and MODIS reflectance from spectrally invariant features 
(mean square error in the blue, red, and NIR bands = 0.0029). 

3.3. Data fusion 

3.3.1. ESTARFM xxxx 
ESTARFM has superior performance in a heterogeneous environment 

due to its conversion coefficient and complex similar pixel selection 
procedure (Ma et al., 2018; Nietupski et al., 2021). The fact that the 
model is widely used and tested in various locations (Zhu et al., 2018) 
also motivated us to apply it for crop phenology monitoring application. 
Developed by Zhu et al. (2010), ESTARFM is designed to estimate 
Landsat-like (hereafter synthetic) pixels from two pairs of high (here-
after Landsat) and coarse (hereafter MODIS) images at the base date (t0: 
t1 and t2) and one or several coarse images at the prediction date (tp). In 
our study, synthetic images were produced in four main steps as outlined 
in Zhu et al. (2010). First, we selected Landsat and MODIS inputs at t0 
(Section 3.3.2). The intersection of Landsat reflectance values at t1 and t2 
was used to search for similar pixels in a moving window (w) and land 
cover class (c) (Section 3.3.3). Then, to determine the contribution of 
similar pixels, a spatial weighting function (wi) was calculated from the 
spatial and spectral similarity of a neighbouring pixel at t0 and tp. 
Finally, MODIS data was linearly regressed against the Landsat data at to 
in order to ascertain the conversion coefficient (vi) and synthetic image 
predicted at MODIS acquisition dates using Eq. (1).  

Fig. 1. Location of the fields in the Lake Tana basin monitored in 2019, DEM showing topography variation. NIR-red-green Landsat-8 (path/row: 170/52 of 
November 30, 2019) false-colour composite shows the spatial coverage of the study area. (For interpretation of the references to colour in this figure legend, the 
reader is referred to the web version of this article.) 
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where L and M denote Landsat and MODIS pixels at coordinates xi and yi 
and band (b), xw/2, yw/2 are the coordinates of the central pixel. N is the 
numbers of similar pixels in a moving window used to create the weight 
and the coefficient on the ith date of prediction. 

When land cover/phenology changes are rapid in space and time, 
ESTARFM prediction accuracy decreases because the model assumes the 
rate of reflectance change remains constant throughout the prediction 
period (Liu et al., 2018). Input selection and similar pixel selection play 
a key role in capturing the spatial and temporal variability (Emelyanova 
et al., 2013; Gao et al., 2017). Therefore, we refined the input selection 
and similar pixels selection steps to improve the model’s prediction for 

highly dynamic and fragmented agricultural systems. 

3.3.2. Selecting input pairs on the basis of crop calendar information 
We divided the growing season into vegetative, reproductive, and 

grain-filling/ripening stages for maize and rice based on sowing and 
harvest information (Fig. 3). To obtain Landsat images at these stages, 
we acquired low cloud cover (≤30%) Landsat images and predicted 
cloud pixels of the growing season inputs using ESTARFM. Then, pre-
dicted pixels with acceptable accuracy (>0.50 coefficient of determi-
nation) replaced the cloudy pixels. Because there was insufficient cloud- 
free Landsat data, we also used an overlapping Landsat scene (path/row 

Fig. 2. General workflow.  

Table 1 
LAI measurements in maize and rice crops during 2019 growing season.   

Maize Rice 

Observation period Jul 16–25 (n =
16) 

Aug 28–30 (n =
17) 

Sep 20–25 (n =
17) 

Nov 11 (n =
6) 

Aug 20–26 (n =
16) 

Sep 18–20 (n =
16) 

Oct 10–18 (n =
16) 

Dec 1–3 (n =
8) 

Max. LAI (m2/m2) 1.18 4.47 5.60  3.39 1.35 2.76 3.97 3.19 
Min. LAI (m2/m2) 0.21 1.05 2.42  0.83 0.23 0.86 1.82 1.49 
Mean & SDV LAI (m2/ 

m2) 
0.58 ± 0.3 2.75 ± 1.0 3.72 ± 1.0  2.26 ± 1 0.55 ± 0.3 1.65 ± 0.6 3.04 ± 0.6 2.38 ± 0.6  

L(xw/2, yw/2, tp, b) = L(xw/2, yw/2, t0, b)+
∑N

i=1
wi*vi*

(
M
(
xi, yi, tp, b

)
− M(xi, yi, t0, b)

)
(1)   
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169/52) for testing and validation (see Fig. 3). 
Landsat and MODIS images are typically acquired on the same date 

for pairing (Zhu et al., 2010), but in this case we used the 8-day MODIS 
composites. When a large land cover change occurs between the two 
base-date inputs (t0), it is acceptable to use the MODIS input pheno-
logically close to the prediction date (tp) (Gao et al., 2017). Thus, we 
used the composite image that was best correlated to the prediction date 
input (MODIS t0-tp correlation). To find potential MODIS inputs, we 
linearly regressed the reflectance used in EVI calculation (blue, red, and 
NIR) of the Landsat inputs in a 16–pixel moving window against the 
composites closest to the Landsat acquisitions dates. The final optimal 
pairs were selected by comparing the MODIS t0-tp and Landsat–MODIS 
correlations for each prediction date. 

3.3.3. Improving the selection of similar pixels by classifying land cover 
The next step was to determine the number of classes (c) and the 

search window size (w) to select similar pixels. In ESTARFM, similar 
pixels can be selected by using an unsupervised clustering method or the 
intersection of Landsat reflectance values at t1 and t2 (threshold method) 
(Zhu et al., 2010). The latter was used in this study, as it avoids the 
misclassification of pixels as being similar (Ma et al., 2018). Similar 
pixels are determined based on Eq. (2), when the absolute reflectance 
difference of all bands (b) at t1 and t2 is less than two times the standard 
deviation (∂) divided by the number of classes. 

|L(xi, yi, t0, b) − (L(xw/2, yw/2, t0, b)| ≤ (∂(b) × 2 )Ã⋅c,with(t0 = t1, t2) (2) 

Arbitrary decisions for the values of c and w could lead to inadequate 
similar pixels or pixels from different class selections, thereby reducing 
the prediction power (Knauer et al., 2016). To avoid this, we determined 
similar pixels within uniform classes using supervised land cover 
classification. 

A support-vector machine model was used to classify maize, rice, and 
other land cover classes using the October 29, 2019 Landsat image, 
which is when the target crops were at peak greenness. Crop-type for 

maize (n = 232) and rice (n = 660) were randomly sampled over the 
study area during the 2019 growing season. Google Earth images and a 
vegetation cover map (Song et al., 2018) were used to select training and 
validation samples for other classes: grasslands (n = 6800), bushlands 
(n = 1600), forests (n = 2500), other crops (n = 4900), built-up (n =
715) and water bodies (n = 2500). We used 70% of the samples for 
training and 30% for validation. The classified map had an overall ac-
curacy of 82.9%, a kappa coefficient of 0.80, a user accuracy of 79%, and 
a producer’s accuracy of 78%. 

The land cover map was embedded in the model to select pixels 
exhibiting similar spectral responses between image pairs. In frag-
mented agricultural landscapes, spatial heterogeneity varies during the 
growing stages according to crop type and management practice (Liu 
et al., 2018; Rao et al., 2015). Thus, the spatial extent for searching 
similar pixels was determined by evaluating the rate of change between 
input dates. Thus, the EVI change rate was calculated from each Landsat 
input at t1 and t2 and classified as no change (EVI < 0.0), moderate 
growth (0.0–0.1) and rapid growth (EVI > 0.1). The number of similar 
pixels that falls within the uniformly growing units were evaluated to 
determine optimal c and w combinations for each prediction period. 
Finally, the selected similar pixels were used to calculate the spatial and 
spectral weight and conversion coefficient to predict the synthetic 
images. 

3.4. Simulating crop phenology 

Crop phenology was estimated from EVI (Huete et al., 2002) using 
the TIMESAT software package (Eklundh and Jönsson, 2017). Curve 
fitting and phenology parameters were fine-tuned to match the crop 
calendar information. A Savtizky–Golay (S–G) filter was applied to fit 
the time-series EVI because it preserves the position and peaks in the 
time-series data (Liu et al., 2018). After the curve fitting, crop phenology 
parameters were determined with the dynamic threshold method. The 
start of season (SOS) and end of season (EOS) thresholds for maize and 
rice were 20% and 10%, respectively. 

3.5. Accuracy assessment 

The customized ESTARFM workflow was evaluated for both its 
ability to fuse Landsat-MODIS data and phenology estimation accuracy. 
We first assessed ESTARFM prediction performance with EVI derived 
from Landsat images reserved for validation (i.e., not used in data 
fusion). Noise-free pixel, stratified by land cover class were extracted for 
this pixel-level analysis. The effect of crop calendar information and 
land cover classification was evaluated at the vegetative stage (DOY 
257) when there was a rapid land cover change between input dates 

Fig. 3. Landsat and MODIS acquisition dates. The back circle indicates Landsat input used for prediction while the red was used for validation. The diamond shapes 
represent the adjacent Landsat image scenes (path/row: 169/52) used for testing (black) and validation (red). (For interpretation of the references to colour in this 
figure legend, the reader is referred to the web version of this article.) 

Table 2 
Landsat 8 and MODIS band characteristics.  

Band Name Band number Wavelength (µm) range 

Landsat 8 MODIS Landsat 8(OLI) MODIS (Tera) 

Blue 2 3 0.452–0.512 0.459–0.479 
Green 3 4 0.533–0.590 0.545–0.565 
Red 4 1 0.636–0.673 0.620–0.670 
NIR 5 2 0.851–0.879 0.841–0.876 
SWIR1 6 6 1.566–1.651 1.628–1.652 
SWIR 2 7 7 2.107–2.294 2.105–2.155  
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(DOY 233 and 297) and predictions of reproductive growth stage 
(DOY313). A time-series of field-based LAI was used for field-level 
validation of data fusion. The accuracy of estimated SOS and EOS was 
assessed by comparing them against sowing and harvest date informa-
tion. Crop phenology detection over the fragmented agricultural systems 
obtained by using ESTARFM with and without modifying the input se-
lection and similar pixel selection criteria was compared against MODIS- 
based phenology. The root mean square error (RMSE), coefficient of 
determination (R2), and bias were calculated to assess performance. 

4. Results 

4.1. Comparison of Landsat-MODIS fusion in a highly dynamic landscape 
with default and knowledge-based ESTARFM 

Fig. 4 (b) and (c) presents the rapidly changing vegetative stage 
prediction (DOY 257) comparing the contribution of crop calendar in-
formation and land cover classification with the default ESTARFM 
workflow (a). There was rapid land cover change caused by agricultural 
activities and flooding between the base (t0: August 26 and October 29, 
2019) and prediction (tp) dates. As shown in Table 1, during that period, 
rice LAI increased from 0.55 ± 0.3 to 3.04 ± 0.6. Maize LAI also changed 
considerably. Two MODIS composites at t1 (DOY 233 and 241) and t2 
(DOY 297 and 305) were valid coarse pairs based on reflectance corre-
lation with the Landsat inputs (initial criteria). The Landsat and MODIS 
input images (DOY 233 and 297) and similar pixel parameters (w = 50, 
c = 4) determined through the default ESTARFM workflow (a) resulted 
in lower accuracy (R2 = 0.54, RMSE = 0.1). However, in the revised 
workflow, MODIS at DOY 241 and 305 correlated strongly with MODIS 

at the prediction date because the crops had fully emerged and the water 
level was lower than the DOY 233. Thus, prediction performance (b) 
showed significant improvement (R2 = 0.66, RMSE = 0.078, bias =
0.01). Optimal similar pixel selection parameters (c = 6 and w = 50) 
were obtained by aggregating classes with similar temporal patterns 
(maize, rice, other crops), thereby reducing the probability of selecting 
dissimilar pixels and increasing the opportunity for selecting adequate 
similar pixels. Since there was already a large temporal change between 
inputs dates, the contribution of the land cover map was insignificant 
(c). Therefore, when large surface change between input and prediction 
dates exists the input selection criteria was more critical than the similar 
pixel selection parameter. 

Visual analysis of EVI based on the improved ESTARFM workflow on 
DOY 257 (Fig. 5c) shows close correspondence to the EVI determined 
from the independent Landsat-8 image (a). Rice fields were flooded from 
local rivers at the early vegetative stage at the time of the first input (t1: 
August 26) and reached peak greenness at t2 (October 29), which 
resulted in lower than expected EVI (b) and large under-prediction (d) 
using the standard ESTARFM procedure. The MODIS input based on 
MODIS t0-tp correlation and similar pixel selection from uniformly 
growing pixels using land cover classification improved the situation of 
(b) in Fig. 5c, where the greenness value increased and EVI difference 
became small (e). 

Fig. 6 shows the algorithm to be more robust when the change in the 
landscape between the Landsat input at t1 (September 04) and t2 
(October 22) were only due to differences in phenological growth stage 
(a). The Landsat inputs used here minimized the large land cover change 
due to rice field inundation and tilling in the other fields compared to 
Fig. 4 and increased the R2 to 0.75. The highest correlation coefficient 

Fig. 4. Contribution of crop calendar and land cover classification during the vegetative stage (DOY 257): a) The standard MODIS input (DOY 233 & 297) and similar 
pixel selection criteria; b) Coarse pair selection based on MODIS to–tp correlation (DOY 241 & 305) and c) Optimal input selection and similar pixel selection. Red 
dashed line indicates the 1:1 ratio. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 
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Fig. 5. Comparison of EVI derived from a) independent Landsat-8 image (September 22) and predicted Landsat-like image (DOY 257) using: b) the default 
ESTARFM, c) optimal input selection and similar pixel selection c) difference image of (a) and (b) and d) difference image of (a) and (c). 

Fig. 6. Landsat-like image prediction (DOY 257) showing the effect of: (a) pairs with rapid phenological changes (t1: September 4 and t2: October 22) and; (b) pairs 
within same growth stages (t1: September 4 and t2: October 6) to prediction date. 
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(R2 = 0.81) and smallest prediction error (RMSE = 0.06) were obtained 
when input and prediction dates were in same growth stages (b). Here, 
prediction error could be related to the model’s prediction performance 
in heterogeneous environments. 

Fig. 7 is a 14 km × 34 km image subset and shows the spatial dis-
tribution of predictions based on EVI from independent and predicted 
Landsat images masked for croplands. A general tendency of underes-
timation was found when high resolution inputs were lacking during 
periods of rapid crop growth (a). However, the percentage of over/under 
prediction decreased noticeably when Landsat inputs were chosen based 
on crop calendar information and optimal similar pixel selection pa-
rameters (c = 6 w = 50) (b). In general, the vegetative stage predictions 
(Figs. 4-7) indicate that using two Landsat inputs about two months 
apart provides good prediction during the rapidly changing growth 
stages (R2 = 0.67). Prediction was deemed robust when at least one of 
the Landsat inputs’ land cover conditions was similar to that on the 
prediction date. 

The reproductive stage prediction (DOY 313) in Fig. 8 ESTARFM 
with improved input selection and similar pixel selection provided 
better prediction for the crop fields with small spatial and temporal 
changes between the base dates (October 29 and November 30). The 
correlation was weaker for rice (R2 = 0.67, RMSE = 0.054) than for 

maize (R2 = 0.71, RMSE = 0.059) because rice fields exhibited more 
spatial and temporal variability between base and prediction dates due 
to its transition from vegetative to senescence stage, whereas the growth 
stage in maize remains the same during the same period. This finding 
suggests that ESTARFM prediction accuracy varies not only because of 
changes in the landscape (land cover/phenology: Figs. 4 and 6) but also 
between crops and crop growth stages because of difference in their 
temporal dynamics. 

4.2. Field-level data fusion accuracy 

Time-series of LAI measured in the field was used to assess the spatial 
and temporal consistency of the predicted EVI (Fig. 9). Although the 
LAI–EVI relationship is environment and canopy-specific, superior field- 
scale correlation, highest in rice (R2 = 0.84, Std.Error = 0.46) was ob-
tained using ESTARFM with improved input selection and similar pixel 
selection criteria (b). In the three datasets, the LAI diverged more from 
the regression slope during the early vegetative and ripening stages. 
Fluctuation of background water in the rice fields resulted in variability 
in the vegetative stage LAI–EVI relationship. The pattern and distribu-
tion of points along the scatter plot also show that the predicted EVI 
captured seasonal variations. The improved ESTARFM workflow 

Fig. 7. Spatial distribution of EVI prediction error (derived from independent minus the predicted Landsat images) at DOY257: a) Input with rapid land cover change 
(August 26 and October 29); b) input with similar crop growth stage (September 4 and October 22). 

Fig. 8. Scatterplot of independent Landsat and predicted images (DOY 313) showing large spatial and temporal dynamics in the rice (a) compared to maize (b) fields 
with low variation during the prediction period. 

B. Sisheber et al.                                                                                                                                                                                                                                



International Journal of Applied Earth Observation and Geoinformation 106 (2022) 102670

9

detected field-level LAI–EVI relationships in our fragmented agricultural 
systems better than ESTARFM with default parameters and the coarse 
MODIS at 500 m spatial resolution: the correlations with observed LAI 
were R2 = 0.73 in maize (a) and R2 = 0.84 in rice for the improved 
ESTARFM but R2 = 0.66 and R2 = 0.45 for the MODIS EVI (b). For 
MODIS, the EVI–LAI deviation along the 1:1 slope line was larger. This 
finding suggests that the relationship of the fused data at 30 m spatial 
resolution captures crop-specific events in the fragmented fields better 
than the coarse resolution data. The default ESTARFM performed poorly 
when there were large temporal changes between available input pairs 
in rice fields (b) but performed well in maize fields when the problem 
was only spatial variation (a). Thus, the improvement was useful when 
cloud-free Landsat input was lacking during periods when rapid changes 
in biomass were occurring in the fields. 

The timing of the fused EVI was consistent with the field-based LAI. 
For instance, on average, for rice it peaked (EVI = 0.53 ± 0.07) at DOY 
281 (08 to October 16) and for maize at DOY 256 (13 to September 18: 
EVI = 0.65 ± 0.12), which is similar to the LAI observations (Table 1). 
Greater EVI variability in maize than in rice was caused by the large 
spatial variability of the maize growing environment. Most of the 
EVI–LAI deviations in maize fields were from fragmented and mixed 
crop sites (in Dangla and Bahir Dar), reflecting declining ESTARFM ac-
curacy with increasing heterogeneity. Generally, the overall consistency 
of the predicted EVI to ground LAI suggests that ESTARFM with 
knowledge-based input selection and similar pixel selection captures 
both spatial and temporal details, which implies the dataset is reliable 
for crop phenology detection. 

Fig. 9. Relationship between predicted EVI and observed LAI early vegetative and ripening (red), peak vegetative (green) and reproductive (blue) stages, based on 
ESTARFM with and without improvement and MODIS for maize (a) and rice (b) sample fields. (For interpretation of the references to colour in this figure legend, the 
reader is referred to the web version of this article.) 

Fig. 10. Mean fitted and raw EVI signals and crop phenological parameters using ESTARFM with (blue) and without (red) improvement, MODIS (black) and 
interpolated LAI (green) for: a) rice b) maize sample fields during the 2019 growing season. (For interpretation of the references to colour in this figure legend, the 
reader is referred to the web version of this article.) 

B. Sisheber et al.                                                                                                                                                                                                                                



International Journal of Applied Earth Observation and Geoinformation 106 (2022) 102670

10

4.3. Crop phenology accuracy assessment 

Field-level crop phenology detection was possible for both rice and 
maize using Landsat–MODIS fusion (Fig. 10). Ground crop growth in-
formation was helpful in fine-tuning curve fitting and thresholds for 
determining phenological parameters. The average fitted EVI of the 
modified ESTARFM and time-series in-situ LAI showed comparable 
temporal patterns and tracked the seasonal crop growth cycle. 

The performance of crop phenological parameters (SOS and EOS) 
predicted using ESTARFM with improved parameters corresponded well 
with the emergence and harvest dates (Fig. 10 and Table 3). For 
instance, the average delay of maize SOS was 15 days vis-à-vis the 
average sowing date (June 11), which is within emergence date range of 
the local maize variety. The average prediction error based on the 
improved data fusion was in a range of 7.1 days RMSE for SOS and 9.8 
days at EOS. The large EVI amplitude in maize and small in rice were 
similar to the findings for LAI and confirm that data fusion captures 
phenology variation by crop types. Growing season length (150 days in 
rice but 160 days in maize) was also consistent with ground observa-
tions. In general, SOS and EOS derived from fused data were within the 
8-day composite period (60%) and 83% of sample fields fell within two 
weeks deviation. 

In comparison, the improved ESTARFM workflow captured crop 
phenology (SOS and EOS) in the fragmented agricultural landscape 
better than the standard ESTARFM and MODIS at 500 m resolution 
(Table 3 and Fig. 10). MODIS lacked spatial detail and the fitted line 
over-smoothed the rice profile. The higher standard deviation (SDV) in 
SOS than in EOS for MODIS in both rice and maize indicates the onset of 
greenness after the onset of the rainfall season. For rice, MODIS better 
estimated EOS (RMSE = 11.8 days) than SOS (RMSE = 21 days). The 
seasonal peak was also low using MODIS but higher using the improved 
ESTARFM. Despite similarity in the average phenology curve in the 
early and late stages, higher amplitude and early peaking were obtained 
using the modified ESTARFM parameters. The default ESTARFM pre-
diction produced more bias in rice SOS (RMSE = 14.8 days) than the 
modified ESTARFM (RMSE = 7.2 days). EOS bias was larger in maize 
fields than in rice fields. Maize EOS was highly variable (high SDV and 
RMSE) in the three datasets. Since the date of maize harvest highly 
depends on farmers’ management decisions, EOS represents maturity 
date, not harvest. Overall, compared to the default ESTARFM parameter 
settings, using the improved ESTARFM parameters reduced error by 7 
days in the rapidly changing rice SOS and by 4 days in maize EOS. 

5. Discussion 

The main challenge of crop-specific phenology monitoring with 
Earth observation data in a fragmented agricultural landscape is the 
trade-off between spatial and temporal resolution. Rapid land cover 
changes due to cultivation, growth, and harvest between base and pre-
diction dates limit data fusion performance in croplands. To overcome 
this issue, we used a spatiotemporal data fusion with a modified 
ESTARFM workflow that uses crop calendar information to distribute 
available inputs across key crop phenological stages and land cover 
classification to select similar pixels from uniform classes. Our results 
indicate that input distribution was essential to address abrupt changes 

in crop fields. When we evaluated performance using ground data, 
better data fusion and crop phenology detection were obtained at field 
and pixel scales compared with the standard ESTARFM workflow. As 
most data fusion studies have focused on algorithm development and 
testing (Ding et al., 2020), our findings show that using spatiotemporal 
fusion with a context-specific workflow could increase the accuracy of 
crop-specific growth monitoring in fragmented and persistently cloudy 
agricultural systems. 

5.1. Spatiotemporal accuracy of data fusion 

Several studies have been devoted to comparing ESTARFM with 
other data fusion models and reported ESTARFM’s better performance 
in a heterogeneous environment (Cheng et al., 2017; Gao et al., 2015; 
Ghosh et al., 2020; Liao et al., 2017; Tao et al., 2021). However, the 
spatial and temporal reflectance change caused by land cover change 
and phenology change must be addressed to obtain time-series predic-
tion for crop phenology detection through data fusion. The input se-
lection and similar pixel selection strategies of ESTARFM play a critical 
role in addressing the dynamic spatial and temporal changes (Knauer 
et al., 2016). We found that the timing of Landsat input with respect to 
changes in the cropland is important: prediction accuracy degrades 
when land cover and phenology change rapidly between base and pre-
diction dates, as also found in Ma et al. (2018) and Tao et al. (2021). 
Although simulation based on temporally close pairs has been proposed 
(Möller et al., 2017; Rao et al., 2015), it was inappropriate in our study 
due to persistent cloud cover during the growing season. However, with 
crop calendar information and cloud gap-filling, we obtained a reason-
able distribution of low-cloud Landsat inputs at key stages of crop 
growth and development. We used the ground data to define our crop 
calendar because it was easy to collect during our field campaign. For 
operational purposes, however crop calendar information may need to 
be obtained from government agencies and or non-government entities 
such as FEWSNET (https://earlywarning.usgs.gov). In line with other 
studies (Tewes et al., 2015; Zheng et al., 2016), we found ESTARFM 
prediction was influenced less by phenological changes and more by 
agricultural activities such as deliberate agronomic flooding, planting 
and harvesting. Prediction was good when the growth stage of at least 
one of the high resolution inputs was similar to the growth stage at the 
prediction date. When the prediction period coincided with a stable 
phenological stage, inputs obtained at long intervals also enabled us to 
get accurate estimates. We found the availability of three to four Landsat 
inputs if uniformly distributed over different crop growth stages can be 
sufficient to track the entire wet season crop phenology in the study 
area. Recently Tan et al. (2022) proposed a data fusion method based on 
deep learning to reduce the number of high resolution inputs, but this 
method has not been tested in a highly fragmented agricultural 
landscapes. 

When temporally close high-resolution inputs are unavailable, the 
MODIS composite best correlated with the MODIS at tp yielded a better 
prediction (R2 = 0.66) than the automatic selection based on a similar 
acquisition date (R2 = 0.54) because ESTARFM determines temporal 
change from the coarse inputs (Zhu et al., 2010). Xie et al. (2018) also 
reported improved predictions using MODIS to–tp correlation in 
STARFM. Therefore, evaluating the consistency between MODIS and 

Table 3 
Comparison of SOS and EOS metrics determined from synthetic images based on default and improved ESTARFM and MODIS in units of days.   

SOS EOS  

Maize Rice Maize Rice  

Mean & SDV Bias RMSE Mean & SDV Bias RMSE Mean & SDV Bias RMSE Mean & SDV Bias RMSE 

Default ESTARFM 182 ± 8  − 2.7  7.5 206 ± 16  − 7.2  14.8 334 ± 17  3.0  17.2 337 ± 9  − 1.6  9.3 
Modified ESTARM 180 ± 9  − 0.5  7.1 201 ± 9  − 2.2  7.2 336 ± 10  1.9  13.0 334 ± 6  2.4  6.7 
MODIS 183 ± 11  − 5.4  12.3 176 ± 21  17.8  21.2 329 ± 12  11.9  19.4 327 ± 9  8.1  11.8  
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Landsat images at the base, and MODIS at the base and prediction dates 
using linear relationship is important to identify the best composite 
input for each prediction dates. 

The optimal similar pixel selection parameters (c and w) depend on 
the crop growth rate in each prediction period because the variability of 
spatial reflectance in the fragmented croplands differs across different 
crop growth stages. ESTARFM identifies similar pixels by the intersec-
tion of Landsat inputs at t1 and t2 assuming linear reflectance changes 
rate between the Landsat observation dates and apply it to estimate for 
every prediction dates (Zhu et al., 2010). In our study area, more than 
one change within the coarse image was apparent because different 
crops were growing and the long intervals between Landsat input im-
ages. The number of land cover class (c) and moving window size (w) are 
designed to account for such spatial and temporal variations (Ma et al., 
2018); we identified these important model parameters based on land 
cover classification and Landsat reflectance change rate at t1 and t2. We 
found c = 6/w = 50 for the rapid crop growth period whereas c = 4 /w =
50 during the stable crop growth periods provided good data fusion 
accuracy. Likewise, Liu et al. (2018) and Wang et al. (2021) guided 
similar pixel selection based on phenological information extracted from 
pure coarse pixels, but it was difficult to find pure coarse pixels for the 
small farms in our study area. 

Data fusion performance evaluated at pixel level using independent 
Landsat image and LAI measured in the field demonstrated that 
ESTARFM with knowledge-based input selection and similar pixel se-
lection could capture the spatial and temporal variation of crops’ EVI. A 
higher pixel-level relationship between the predicted and observed 
Landsat image in maize (R2 = 0.71) and rice (R2 = 0.66) fields confirms 
the approach’s effectiveness in fragmented agricultural systems. The 
reason for the prediction error (RMSE) being larger at the peak green-
ness stage (DOY257) than at the reproductive stage (DOY313) might be 
the variance in Landsat and MODIS spatial reflectance at maximum 
green vegetation as suggested by Emelyanova et al. (2013). The primary 
sources of prediction error were the land cover and phenology dynamics 
between the base and prediction dates, field size, and agricultural ac-
tivities (cultivation, planting, harvest). Spatiotemporal performance 
evaluated using field-based time-series LAI confirmed that the modified 
ESTARFM workflow works well to capture crop growth characteristics at 
field-level throughout the growing season as it accounts for the study 
area’s characteristics. This is vital to be able to monitor crop growth 
during the wet season which is impossible from a single sensor due to 
cloud interference and landscape fragmentation. Similar to Asilo et al. 
(2019), we found LAI values measured during the vegetative and 
reproductive stages were more consistent with fused EVI and the devi-
ation from the 1:1 relationship increased for the early and ripening 
stages. Overall, high spatial and temporal prediction accuracy at pixel 
and field level demonstrated the usefulness of ESTARFM for crop 
phenology 

5.2. Crop phenology 

Landsat–MODIS fused data and phenology detection setting fine- 
tuned by ground information contributed to effectively determine 
maize and rice phenology at 30 m spatial and 8-day temporal resolution. 
This cannot be done using the currently freely available sensors and 
given the study area conditions. Nevertheless, a strict curve fitting 
method was necessary to reduce noise because data fusion could intro-
duce bias in addition to the cloud cover effect. S-G curve fitting and 
dynamic threshold methods under the TIMESAT program (Eklundh and 
Jönsson, 2017) effectively determined crop-specific phenology from the 
fused data. In crop phenology detection, using a common threshold ig-
nores crop type and environment differences (You et al., 2013). In our 
study, S-G with a window size of 4 (maize) and 8 (rice) of the seasonal 
time-series surpassed the noise introduced from cloud and data fusion 
bias. The noise was greatest during the vegetative stage and influenced 
the shape of the fitted time series which can generate uncertainty in the 

estimation of phenological parameters that are sensitive to the shape of 
fitted curve such as SOS and EOS (Cheng et al., 2020). The SOS and EOS 
threshold was 20% (maize) and 10% (rice) increase/decrease to the left 
and right minimum value of the fitted function. The settings were ach-
ieved iteratively to match the determined crop phenological parameters 
to the ground data and different settings for maize and rice were related 
to their canopy and growing environment difference. Liang et al. (2014); 
Liu et al. (2016) and Huang et al. (2019) similarly demonstrated S–G and 
dynamic threshold effectively reduced bias in synthetic images and 
detects crop phenology. Therefore, our approach can be implemented in 
many data-scarce (cloud-prone) and fragmented crop-growing 
environments. 

ESTARFM with improved input selection and similar pixel selection 
yielded more detailed information than the coarse MODIS data. We 
found that SOS and EOS were within RMSE of 8 to 12 days’ difference 
from the ground-based information. Previous studies (Liu et al., 2018; 
Liu et al., 2016; Zhang et al., 2018) mapped crop SOS and EOS to within 
seven days’ difference from ground-based information using ESTARFM 
prediction, which is similar to our results. Ground calibration and 
validation, which are lacking in many phenology studies, make it 
challenging to minimize the mismatch between satellite-derived 
phenology and actual crop development stages (Liang et al., 2014; 
Misra et al., 2016). Our validation using phenology determined from 
farmers and continuous LAI observation in this study was reliable. The 
SOS and EOS were biased to be earlier in small fields and more on the 
fragmented maize sites. EOS was more uncertain than SOS, partly due to 
the reliability of the ground data. Previous studies also found that EOS is 
usually biased because of the difficulty of distinguishing dormancy from 
senescence directly from satellite images (Boschetti et al., 2009; You 
et al., 2013). The greater consistency between satellite-derived pheno-
logical information and farmers-derived crop calendar information im-
plies that the derived phenological parameters can be valuable input for 
monitoring crop growth and forecasting yield in data-scarce and frag-
mented agricultural landscapes. 

In terms of data fusion, our study has refined approaches to address 
the effect of rapid land cover and phenology changes in a fragmented 
ago-ecosystem. We have demonstrated that Landsat–MODIS data fusion 
effectively determines biophysical crop variables (e.g., LAI) and crop- 
specific phenology. The thresholds to detect crop phenology for crops 
in the area were also successfully determined. The main shortcoming of 
this study was that the MODIS composite at 500 m was used for coarse 
input to increase feature separability while using several reflectance 
bands. The two-band MODIS at 250 m resolution could minimize the 
effect of multiple growths of endmembers and could increase the con-
sistency of the Landsat and MODIS inputs in fragmented croplands. 
Persistent cloud cover is still a major challenge, which requires further 
investigation. Moreover, our study is based on a single year; further 
testing and evaluation for multiple growing seasons are required in 
order to use the satellite-derived phenology for crop growth monitoring 
endeavours. 

5.3. Conclusion 

Spatiotemporal data fusion such as ESTARFM bridges the trade-off 
between spatial and temporal resolution of satellite data for finer-scale 
crop phenology monitoring in fragmented agricultural landscapes. 
However, spatial and temporal reflectance change due to crop growth 
dynamics influence prediction performance in fragmented agricultural 
systems. Input selection and similar pixel selection based on crop cal-
endar information and land cover classification were effective strategies 
for tracking the crop cycles and determining field-level crop phenology 
in the study area. Very good Landsat prediction performance was ob-
tained at the pixel level (0.66 < R2 < 0.81) during the different crop 
growth stages. EVI based on fused data also correlated well with time- 
series field-based LAI in rice (R2 = 0.84) and maize (R2 = 0.73). Tem-
poral Landsat input distribution at critical crop growth stages and 
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MODIS pair selection based on correlation to prediction date contrib-
uted to minimize reflectance change in croplands. Furthermore, the 
optimum similar pixel selection parameters (w and c) should consider 
the spatial and temporal reflectance variation during prediction periods 
rather than using constant values for a study area. As crop phenological 
parameters (SOS and EOS) derived from our modified ESTARFM 
workflow were comparable to in-situ crop calendar information (emer-
gence and harvest), data fusion could be an effective solution for large- 
scale and higher spatiotemporal crop growth and yield monitoring in 
complex regions in Africa, where food security risk is a paramount 
problem. 
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