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Abstract 

This study explores how to use the Enhanced Spatial and Temporal Adaptive Reflectance Fusion Model 

(ESTARFM) to combine Landsat and MODIS images and track the growth stages of corn using the vegetation 

index (NDVI) and the water index (NDWI). The idea was implemented in Ngawi Regency as it is a major 

contributor to corn production in East Java, Indonesia. Based on spectral index analysis, interviews with local 

farmers, and data from the Ngawi Food Security and Agriculture Office, the fused images identified two cycles 

of corn planting and harvesting per year. The first cycle occurred in October–January with the following corn 

phenology phases: early vegetative (NDVI ~0.3), late vegetative (NDVI ~0.6), early generative (NDVI ~0.8), 

and late generative (NDVI ~0.7, harvest). The second cycle occurred in February-May/June with the following 

corn phenology phases: early vegetative (NDVI ~0.3-0.4), late vegetative (NDVI ~0.6-0.7), early generative 

(NDVI ~0~0.8), and late generative (NDVI ~0.5-0.7, harvest). The results showed that the corn area in May 

2019, June 2022, and May 2023 was mostly in the early generative and late generative phases, respectively, 

covering about 219.15, 178.74, and 236.43 ha from Landsat imagery and 200.88, 180.18, and 205.92 ha from 

ESTARFM fusion imagery. Despite the differences between Landsat images and ESTARFM fusion images, in 

detecting the total area of corns, the ESTARFM model successfully predict the corn phenology pattern in Ngawi. 

 

Keywords: Corn, ESTARFM, Ngawi Regency, NDVI, Phenology, Sustainability 

 

 

1. Introduction 

Corn is a versatile and seasonal crop that can 

complete its life cycle in 80-150 days [1]. The social 

economy relies on it for human consumption, animal 

feed, and industrial materials. Along with rice and 

wheat, corn is also an important source of 

carbohydrates in Indonesia [2]. Ngawi Regency is 

one of the largest rice producers in East Java, with a 

total production of 818.62 thousand tons of Miled 

Dry Grain (MDG) [3]. The area of Ngawi Regency is 

1,394.74 km2, of which about 40%, or about 506.6 

km2, are rice fields. Furthermore, Ngawi Regency 

contributes to the national corn plantation industry. 

According to data from the Central Bureau of 

Statistics (BPS), in 2021, 259,339 tons of corn were 

harvested from a plantation area of 33,948 ha 

(hectare) with a productivity of 7.64 tons/ha [4]. 

Remote sensing is a convenient and inexpensive 

method to determine the phenological characteristics 

of cropland, which describes the different stages of a 

plant's life cycle [5]. These characteristics are often 

used to assess phenological variation and predict crop 

yields [6]. Satellite-derived vegetation indices [7] 

have been used to study different phenological 

transition phases. A common method used in 

previous studies is using Normalized Difference 

Vegetation Index (NDVI) spectral indices from time-

series satellite imagery, such as MODIS, to identify 

crop growth [8]. However, MODIS imagery has a 

low spatial resolution (≥ 250 m), making it unsuitable 

for detecting small farms (< 2 ha). Satellite imagery 

with medium or high spatial resolution (≤ 30 m) is 

also used to solve this issue.  
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However, medium- or high-spatial resolution sensors 

such as Landsat are unsuitable for detecting plant 

growth and development stages due to their low 

temporal resolution (16 days) [9]. A previous study 

attempted to overcome this problem by combining 

medium/high spatial resolution and high temporal 

resolution images with different acquisition dates 

using the Enhanced Spatial and Temporal Adaptive 

Reflectance Fusion Model (ESTARFM) method. 

ESTARFM is an evolution of Spatial and Temporal 

Adaptive Reflectance Fusion Model (STARFM) that 

aims to improve prediction accuracy in 

heterogeneous environments. It often uses images 

with high temporal resolution, such as MODIS, and 

images with medium or high spatial resolution, such 

as Landsat and Sentinel [10]. The temporal resolution 

produced by ESTARFM, which follows the daily 

resolution of MODIS, is superior to the combined 

resolution of Landsat 8 and Landsat 9, which 

achieves a tandem temporal resolution of 8 days 

(https://www.usgs.gov/index.php/landsat-missions/ 

news/landsat-update-special-issue-landsat-9). 

This study aims to identify the growth stage of 

corn plants based on NDVI and Normalized 

Difference Water Index (NDWI) spectral indices, 

which will be achieved through data fusion of 

MODIS and Landsat 8-9 satellite images, as well as 

Landsat images in Ngawi Regency using the 

ESTARFM method. To support this study, data 

validation was conducted using spectral indices 

obtained from spectrometer measurements, 

coordinate points of corn samples, and photos of corn 

in the field, and correlation tests of accuracy using 

spectral indices from Landsat image processing, 

MODIS, and ESTARFM image fusion results. In 

addition, WorldView-2 satellite imagery was used to 

classify corn and non-corn land to centralize the 

study area. The results of this study are expected to 

provide information on corn planting patterns and the 

distribution of corn growth stages in Rejuno Village, 

Ngawi Regency. Hopefully, this research can be used 

to predict corn production based on crown growth 

stages and planting patterns. 

 

2. Methodology 

2.1 Study Area 

Rejuno Village is one of the villages in Karangjati 

District, Ngawi Regency, as shown in Figure 1. 

Geographically, Rejuno Village is located at 

111°38′11.976′′ E and 7°26′9.46′′ S. Rejuno Village 

is located on the east-north side of Ngawi Regency 

and is characterized by hills. Rejuno Village is 

directly bordered by several areas, with the north side 

bordering Bojonegoro Regency, the west side with 

Plosolor Village, the east side, and the south side 

directly bordering Rejomulyo Village. Rejuno 

Village has an area of 1066.60 ha. 

 

2.2 Data 

Following the workflow that can be seen in Figure 2, 

this study used MODIS Nadir BRDF-Adjusted 

Reflectance (NBAR; MCD43A4; https://developers. 

google.com/earth-engine/datasets/catalog/MODIS_ 

061_MCD43A4) satellite image data at 500 m 

resolution and Landsat 8-9 Surface Reflectance 

Collection 2 Tier 1 satellite images to analyze the 

growth of corn plants in the study area. Image data 

were obtained from the Google Earth Engine 

platform (https://earthengine.google.com/) at 

acquisition times from April 2013 to June 2023. 

MODIS-MCD43A4 was selected due to its daily 

acquisition frequency and the nadir and atmospheric 

corrections performed [11], despite its low resolution 

(500 meters). Meanwhile, Landsat 8-9 Surface 

Reflectance Collection 2 Tier 1 was chosen because 

of its good spatial resolution (30 meters) and 

atmospheric correction [12]  but low temporal 

resolution (16 days). The ESTARFM method was 

used to perform image fusion to produce better 

spatiotemporal images to utilize its advantages. In 

addition, Worldview-2 satellite imagery was used for 

land classification of corn, sugarcane, and others. The 

data was acquired on May 25, 2023. This study also 

used vector data of administrative boundaries of 

Ngawi Regency obtained from the Geospatial 

Information Agency (BIG), while hamlet boundaries 

in Rejuno Village, Karangjati Subdistrict, Ngawi 

Regency were obtained from the Central Bureau of 

Statistics (BPS) to determine the study area. Spectral 

data of corn samples of three varieties (NK-Perkasa, 

NK-212, NK-Sableng, and NK-Sumo) were obtained 

through spectrometer measurements in Rejuno 

Village, Ngawi Regency, and processed to obtain 

validation values of spectral indices (NDVI and 

NDWI). Corn planting realization data from Ngawi 

Regency Food Security and Agriculture Office 

validated corn planting patterns in Ngawi Regency. 

This study used Google Earth Engine (GEE), Spyder, 

and ArcGIS software for data analysis.  

 

2.2.1 Determination of the cornfield using the  

        support vector machine classification method 

WorldView-2 satellite image data was used to 

classify corn, sugarcane, and neither field using the 

support vector machine method. The class was 

determined to avoid potential overfitting between 

corn and sugarcane fields. The classification used 

training data that was manually digitized based on the 

location of the corn samples and based on elements 

of image interpretation.  
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Figure 1: Overview of the study area in Rejuno Village, Karangjati District, Ngawi Regency 
 

Table 1: Cohen's Kappa value 

Kappa Statistic Strength of Agreement 

< 0.00 Poor 

0.00 – 0.20 Slight 

0.21 – 0.40 Fair 

0.41 – 0.60 Moderate 

0.61 – 0.80 Substantial 

0.81 – 1.00 Almost Perfect 

 

The result was 51 data for each class, for a total of 

153 data. The data was then divided into two 

compositions, training data and validation data, with 

a ratio of 70:30. This resulted in 105 training data and 

48 validation data. Once the land classification is 

determined, the results must be accurate. In this 

research, Cohen's Kappa was used to calculate 

accuracy. Landis and Koch [13] categorized Cohen's 

Kappa value into several classes, as shown in Table 

1.
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Figure 2: Workflow of research 

 

2.2.2 Corn growth stage determination using NDVI  

        and NDWI spectral indices 

The growth stage of corn in this study was 

determined using the NDVI and NDWI spectral 

indices. These indices were obtained by processing 

Landsat 8 and Landsat 9 imagery. These images were 

used because corn fields are relatively narrower. 

Therefore, MODIS images are less appropriate when 

used to determine the growth phase of corn in narrow 

fields due to their pixel size of 250-1000 meters. The 

Landsat image data used were acquired from April 

2013 to June 2023 with path 119 and row 65 from the 

Google Earth Engine platform. NDVI is a common 

and standard vegetation index used in remote sensing 

for vegetation monitoring [14]. NDVI is defined in 

equation 1. 

 

NIR RED
NDVI

NIR RED

 

 

−
=

+
 

 

Equation 1 

 

 

Where: 

ρNIR = Near Infrared band reflectance 

ρRED = Red band reflectance 

 

NDVI produces good results in chlorophyll 

processing because NDVI is based on the value 

between the red band's maximum absorption and the 

infrared wave's maximum reflectance, which is 

influenced by the leaf structure [15] NDVI has a 

range of values from -1 to +1, with values less than 

0.2 representing less-vegetation, clouds, and water 

objects. While the value range of 0.2 to 0.8 is an area 

of vegetation that is not dense to dense [16]. NDWI 

is an index used to estimate water potential in 

vegetation canopies using remote sensing spectral 

data [17], one of which is the corn plant [18]. NDWI 

can measure plant physiological stress from leaf 

changes or water loss [19]. NDWI uses satellite 

imagery's green and near-infrared (NIR) reflectance 

bands. Two versions of NDWI are commonly used, 

the McFeeters NDWI and the Gao NDWI. This study 

uses the McFeeters version of NDWI, which 

combines the green and near-infrared (NIR) bands 

[20].  

Pre-processed MODIS, Landsat 8/9, and 

Worldview-2 
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The NDWI index in equation 2 represents water 

bodies and measures their turbidity levels [16]. 

 

MF

GREEN NIR
NDWI

GREEN NIR

 

 

−
=

+
 

Equation 2 

 

Where: 

  ρGREEN  = Green band reflectance 

         ρNIR = Near Infrared band reflectance 

 

The determination of the growth stage of corn in this 

study was obtained by extracting NDVI and NDWI 

spectral index values using 3 ROIs with a size of 90 

x 90 meters or equivalent to the size of 3x3 pixels of 

Landsat satellite images as sample points in corn 

fields of NK-Perkasa, NK-Sableng, and NK-Sumo 

varieties. This sampling was done to obtain values in 

areas processed by cloud masking on Landsat 

images. The extracted spectral index values were 

calculated as median values and determined in a time 

series graph from April 2013 to June 2023 to identify 

the growth stage of corn and determine the threshold 

value of the corn growth stage. 

 

2.3 ESTARFM Framework 

The ESTARFM algorithm was developed by [5] to 

overcome the shortcomings of the STARFM method, 

namely the inaccurate prediction of surface 

reflectance in heterogeneous landscapes. ESTARFM 

was developed further by [21] to operate in the 

Google Earth Engine environment based on the 

Python API. As a result, algorithms running in 

Google Earth Engine can operate on a more extensive 

time series and do not require large local memory. 

ESTARFM uses two pairs of MODIS-Landsat 

images acquired on different dates (t1 and t2) to 

produce images of medium spatiotemporal resolution 

and is effective for heterogeneous areas. The 

ESTARFM algorithm is divided into four steps, 

selecting similar pixels with a neighborhood 

approach, calculating the weights of similar pixels, 

calculating the conversion coefficient, and 

calculating the reflectance at the center of the pixel 

[22]. 

 

 

2.4 Accuracy Assessment 

The accuracy assessment in this study used 

regression analysis and Pearson correlation to 

evaluate the accuracy and interrelationship between 

spectral indices from Landsat and MODIS satellite 

image processing, as well as image fusion results 

using the ESTARFM method. The correlation 

coefficient between variables X1 and Y and X2 and Y 

is determined based on the Carl Pearson correlation 

as defined in equation 3 [23]: 

 

( )( ) ( )( )2 22 2

i i

X Yi

i i

n X Y X Y
r

n X X n Y Y

−
=

− −

  

   
 

Equation 3 

Where: 

X Yi
r  = Correlation coefficient 

n = Sample number 

X = X variable score 

Y = Y variable score 

∑X = Sum of X variable scores 

∑Y = Sum of Y variable scores 

∑X2 = Sum of squares of X variable  

                  scores 

∑Y2 = Sum of squares of Y variable  

                  scores 

 

The Pearson correlation (r) has a range of values from 

-1 to 1. A positive correlation indicates a directly 

proportional relationship, while a negative value 

indicates an inversely proportional relationship. Evan 

[24] has provided guidelines for interpreting the 

Pearson correlation coefficient in several classes, as 

shown in Table 2. 

 

3. Results and Discussion 

3.1 Corn Spectral Library Results 

In this study, direct field measurements were made 

using the Ocean Optics Spectrometer to obtain 

reflectance values of corn plants. This value used to 

reference and validate the spectral index processing 

results of Landsat satellite imagery, MODIS, and 

ESTARFM image fusion. Corn varieties NK-

Perkasa, NK-Sableng, and NK-Sumo were obtained 

in the late generative phase on the measurement date 

of February 2-5, 2023 in Rejuno Village.   
 

Table 2: Pearson's correlation coefficient 
 

r Value Interpretation 

0.00 – 0.199 Very Weak 

0.20 – 0.399 Weak 

0.40 – 0.599 Moderate 

0.60 – 0.799 Strong 

0.80 – 1.000 Very Strong 
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Figure 3:  Reflectance of late generative corn varieties 
 

Table 3: Spectral indices at late generative phase from spectrometer measurement 

Variety NDVI NDWI 

NK-Perkasa 0.7369 -0.5862 

NK-Sableng 0.5847 -0.1538 

NK-Sumo 0.6725 -0.4951 
 

 

Table 4: Confusion matrix of corn, sugarcane, and others land cover classification 
 

 Corn Other Sugarcane Total User's Accuracy 

Corn 16 0 3 19 0.842 

Other 0 15 1 16 0.938 

Sugarcane 1 1 11 13 0.846 

Total 17 16 15 48 - 

Producer's Accuracy 0.941 0.938 0.733 - - 

 

The NDVI and NDWI spectral index values were 

calculated from the average measured reflectance by 

spectrometer (Figure 3) following selected Landsat 

band range (Red, Green, and NIR) using Equations 1 

and 2. The result for three varieties is presented on 

Table 3. 

 

3.2 Classification of Corn Crop fields 

The results obtained from the land classification 

process using the Support Vector Machine (SVM) 

method (Figure 4) have a kappa accuracy of 81.18% 

and an overall accuracy of 87.50%. These results fall 

into the "almost perfect" category [13]. Table 4 

describes the Confusion Matrix value for each corn, 

sugarcane, and others class. Once good accuracy was 

achieved, the satellite imagery was clipped according 

to the administrative boundary vector data of Rejuno 

Village. The Region of Interest (ROI) was then 

created with 3x3 Landsat pixels or 90⨯90 meters for 

NK-Perkasa, NK-Sableng, and NK-Sumo corn 

varieties as presented in Figure 5. This aimed to 

obtain the spectral index value when cloud cover and 

shadows mask the satellite image. 

 

3.3 Identification of Corn Growth Stages over  

    Ten Years 

Detection of corn growth phase using two spectral 

indices (NDVI and NDWI). The temporal changes 

were identified using Landsat and MODIS images 

from April 2013 to June 2023. However, MODIS has 

too large a spatial resolution (500 meters), so the corn 

growth phase was detected using Landsat-8 and 

Landsat-9 imagery, respectively. Figure 5 shows the 

temporal changes of the two spectral indices from 

April 2013 to June 2023.  
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Figure 4: Landcover classification 

 

 
Figure 5:  ROI of NK-Perkasa, NK-Sableng, and NK-Sumo corn fields with a size of 90⨯90 meters 
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Figure 6:  Graphs of NDVI and NDWI using Landsat April 2013 – June 2023 in the ROI of corn varieties  

(a) NK-Perkasa (b) NK-Sableng (c) NK-Sumo  

 

Figure 6 shows the correspondence of spectral index 

patterns between the non-corn column (before 

October 2018) and the corn column (after October 

2018). Thus, the detection of the growth phase of 

corn requires supporting data from historical satellite 

imagery obtained from Google Earth Pro, Google 

Street Map, and data from the Ngawi Food Security 

and Agriculture Office to determine historical land 

cover. Despite the similarity of the pattern of increase 

and decrease in spectral index between corn and non-

corn plots, some differences can be seen in the figure. 

One notable difference is the consistency of the 

lowest NDVI values in the corn column, which had 

the lowest values of ~0.2 - ~0.3 in October, while the 

non-corn column had the highest minimum NDVI 

values of ~0.5 - ~0.6 in October 2016, respectively. 

Thus, the difference compared to the corn column is 

quite large.

  

(b) 

(c) 

(a) 
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Given the inversely proportional spectral index 

patterns of NDVI and NDWI, one of the indices, such 

as NDVI, can be used to identify the growth stage of 

corn. When the NDVI from the October 2018 

ESTARFM fusion image is compared to each corn 

variety, the results are shown in Figure 7. Figure 6 

shows that the NDVI values produced by the 

ESTARFM image fusion have a data gap. This 

results in the loss of NDVI values used to analyze the 

growth phase of corn. According to local farmers, the 

values obtained are from June to October when corn 

is no longer planted. Therefore, the NDVI values of 

the Landsat satellite images were used to determine 

the threshold for the growth stage of corn. The 

threshold values are shown in Table 5. 

 

3.4 Corn Crop Phenology Model 

The NDVI and NDWI values from Landsat-8 and 

Landsat-9 images were used to determine the 

phenology of corn plants per variety each month 

throughout the year. The phenology of corn plants 

was analyzed based on the phase transitions 

experienced by corn during each month. These 

transitions were determined based on the threshold 

values for each phase, as shown in Table 5. From 

these values, the phenology of each corn variety NK-

Perkasa, NK-Sableng, and NK-Sumo was modeled 

as shown in Table 6, Table 7 and Table 8. Based on 

Tables 6 to 8, a similar growth pattern was found for 

each corn variety. In 2018, the planting phase for 

varieties NK-Perkasa and NK-Sableng started in 

October, which was characterized by the lowest 

NDVI values of 0.300 and 0.302, respectively. These 

values represent the early vegetative stage. On the 

18th day after planting, the plants entered the late 

vegetative phase, indicated by an increase in NDVI 

values to 0.474 and 0.473. This phase lasted for 

approximately 32 days. Due to significant cloud 

cover in December 2018, NDVI values could not be 

collected. During this month, the corn plants had 

entered the early generative phase, which indicates 

the highest NDVI values during the growing season. 

This phase lasted for 25 days, after which the plants 

entered the late generative phase in January 2019, 

characterized by a decrease in NDVI values for 34 

days for NK-Perkasa and 25 days for NK-Sableng. 

Therefore, by the end of January or early February 

2019, the corn plants had reached the physiological 

maturity stage and were ready to be harvested. In 

2019, the planting cycle started again with a pattern 

known as Rainy Season 2: planting from February to 

June. After a post-harvest rest period, corn planting 

resumed mid to late February. The NDVI values in 

the early vegetative phase in this pattern were not as 

low as in the Rainy Season 1 planting pattern, namely 

0.744 for NK-Perkasa and 0.844 for NK-Sableng, 

because the rainy season conditions were still 

ongoing. This phase lasted for 18 days after planting. 

Then, the entry into the late vegetative phase, 

indicated by increasing NDVI values, lasted for about 

32 days. Thus, in April 2019, the corn had entered the 

early generative phase, indicated by the highest 

NDVI values of 0.884 and 0.789. The early 

generative phase lasted about 25 days. Then, the 

NDVI values decreased, namely 0.293 and 0.260, 

indicating that the plants entered the late generative 

phase until harvest time. From 2019 onwards, the 

corn planting pattern on the sample plots of corn 

varieties NK-Perkasa and NK-Sableng did not 

change. However, extensive cloud cover during the 

rainy months resulted in some NDVI values that 

could not be identified. The monthly columns on the 

phenology calendar that indicate this condition are 

colored light gray. Corn fields in Rejuno Village are 

planted twice a year during the rainy season (Mbah 

Wo, personal communication). During the dry 

season, the land is left fallow and not planted. In 

addition, the new corn variety NK-Sumo has been 

planted since October 2022, and the new variety has 

been successfully tested.
 

 
 

Figure 7: Landsat NDVI (April 2013 – June 2023) in the ROI of corn varieties NK-Perkasa,  

NK-Sableng, and NK-Sumo 
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Table 5: Threshold value of corn phenology 
 

Phase  
NDVI NDWI 

Min Max Min Max 

Early Vegetative 0.2598 0.3859 -0.5074 -0.3373 

Late Vegetative 0.3869 0.4660 -0.5204 -0.4969 

Early Generative 0.7511 0.8441 -0.4726 -0.2550 

Late Generative 0.5013 0.7471 -0.5029 -0.4565 
 
 

Table 6: Monthly median values of NDVI and corn phenology in the NK-Perkasa's ROI for  

2018-2023 using Landsat 8-9 imagery 
 

 

 Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec 

2018 No Corn Bare Land 0.300 0.474  

2019 0.744 0.847 0.878 0.884 0.855 0.789 Bare Land 0.293 0.450 0.658 

2020 0.650 0.739 0.897   0.854 Bare Land 0.411 0.367 0.544 

2021   0.795 0.846 0.772  Bare Land 0.498 0.662 0.790 

2022 0.552 0.767 0.778 0.783 0.722 0.637 Bare Land 0.541 0.769 0.797 

2023 0.780  0.776 0.843 0.802 0.707 No Data 
 
 

Table 7: Monthly median values of NDVI and corn phenology in the NK-Sableng's  

ROI for 2018-2023 using Landsat 8-9 imagery 
 

 Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec 

2018 No Corn Bare Land 0.302 0.473  

2019 0.844 0.697 0.623 0.607 0.716 0.697 Bare Land 0.260 0.387 0.807 

2020 0.770 0.722 0.670   0.789 Bare Land 0.356 0.391 0.751 

2021 0.501  0.708 0.733 0.763  Bare Land 0.386 0.459  

2022 0.702   0.765 0.779 0.730 Bare Land 0.381 0.539 0.782 

2023 0.744 0.436 0.747 0.835 0.767 0.535 No Data 
 

 

Table 8: Monthly median values of NDVI and corn phenology in the NK-Sumo's ROI  

for 2018-2023 using Landsat 8-9 imagery 
 

 Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec 

2018 No Corn Bare Land    

2019       Bare Land    

2020       Bare Land    

2021       Bare Land    

2022       Bare Land  0.535 0.775 

2023 0.745 0.511 0.747 0.838 0.752 0.563 No Data 

 

Where: 

  Early Vegetative   Late Generative 

  Late Vegetative   No Data 
 Early Generative  Bare Land 
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Figure 8: Distribution of corn phenology in May 2019 

 (a) Landsat imagery (b) ESTARFM fusion  
 

 
Figure 9: Distribution of corn phenology in June 2022  

(a) Landsat imagery (b) ESTARFM 
 

3.6 Corn Growth Stage Distribution Identification 

Based on the NDVI and NDWI thresholds, as well as 

the corn cropping pattern in the Rejuno Village 

obtained from Landsat imagery and ESTARFM 

fusion results, the distribution of corn growth phases 

in the Rejuno Village, especially in the late 

generative phase, is predicted to be around May to 

June. The late generative phase was chosen based on 

spectral validation of corn plant samples obtained 

during this phase. Visualizations of the distribution 

of the late generative phase of corn plant growth in 

May 2019, June 2022, and May 2023 are shown on 

the maps in Figure 8 to Figure 10, respectively.  
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Figure 10:  Distribution of corn phenology in May 2023  

(a) Landsat imagery (b) ESTARFM fusion  

 

Table 9: Corn growth phase distribution area 
 

Year Phase 
Landsat ESTARFM Total Area 

Difference (Ha) Area (Ha) Area (Ha) 

May 2019 

Early Vegetative 0.00 0.00 0.00 

Late Vegetative 0.36 0.27 0.09 

Early Generative 219.15 200.88 18.27 

Late Generative 70.83 85.23 -14.40 

Total Area 290.34 286.38 3.96 

June 2022 

Early Vegetative 2.43 1.35 1.08 

Late Vegetative 3.24 3.24 0.00 

Early Generative 178.74 180.18 -1.44 

Late Generative 128.34 119.52 8.82 

Total Area 312.75 304.29 8.46 

May 2023 

Early Vegetative 1.17 0.99 0.18 

Late Vegetative 3.96 2.97 0.99 

Early Generative 101.88 79.38 22.50 

Late Generative 236.43 205.92 30.51 

Total Area 343.44 289.26 54.18 

 

These years are images that can be fully formed when 

corn is in the late generative phase from ESTARFM 

image fusion processing from 2018 to 2023. Based 

on the corn growth stage distribution results in 

Figures 8 to 10. Table 9 illustrate the growth stage on 

a monthly basis and the area information.  

In May 2019, the most dominant phase was the early 

generative phase with an area of 219.15 ha based on 

Landsat image processing and 200.88 ha based on 

ESTAR-FM fusion image processing. This phase 

was most widespread in the Karangjati forest area 

and least in the Gurdo Barat Hamlet.
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Other phases that were obtained were the late 

vegetative phase, with an area of 0.36 ha based on 

Landsat imagery processing and 0.27 ha based on 

ESTARFM fusion imagery processing, and the late 

generative phase, with an area of 70.83 ha based on 

Landsat imagery processing and 85.23 ha based on 

ESTARFM fusion imagery processing. In June 2022, 

the most dominant phase was also the early 

generative phase with a total area of 178.74 ha based 

on Landsat imagery processing and 180.18 ha based 

on ESTARFM fusion imagery processing. This phase 

is spread in Karangjati Forest, Kalisoko Hamlet, 

Karanganyar Hamlet, Gurdo Timur Hamlet, and 

Pakulan Hamlet. Other phases that were obtained 

were the early vegetative phase with an area of 2.43 

ha based on Landsat imagery processing and 1.35 ha 

based on ESTARFM fusion imagery processing, the 

late vegetative phase with an area of 3.24 ha based on 

both Landsat imagery processing and ESTARFM 

fusion imagery processing, and the late generative 

phase with an area of 128.34 ha based on Landsat 

imagery processing and 119.52 ha based on 

ESTARFM fusion imagery processing. 

In May 2023, the most dominant phase was the 

late generative phase with an area of 236.43 ha based 

on Landsat imagery processing and 205.92 ha based 

on ESTARFM fusion imagery processing. This phase 

occurs throughout the study area and is most common 

in the Karangjati Forest. Other phases that were 

obtained were the early vegetative phase with an area 

of 1.17 ha based on Landsat imagery processing and 

0.99 ha based on ESTARFM fusion imagery 

processing, the late vegetative phase with an area of 

3.96 ha based on Landsat imagery processing and 

2.97 ha based on ESTARFM fusion imagery 

processing, and the early generative phase with an 

area of 101.88 ha based on Landsat imagery 

processing and 79.38 ha based on ESTARFM fusion 

imagery processing. The difference between 

ESTARFM and Landsat in the term of area come 

from the flag (usually cloud flag) from Landsat 

and/or MODIS. The ESTARFM only produces clear 

pixels when no flag at the exact same pixel in MODIS 

or Landsat data. 

 

4. Conclusion 

Based on the processing results, most of the corn in 

May 2019 is early generative. It covers about 219.15 

ha from Landsat imagery and 200.88 ha from 

ESTARFM fusion imagery. In June 2022, the corn 

phase remained mostly early generative. It covers 

about 178.74 ha from Landsat imagery and 180.18 ha 

from ESTARFM fusion imagery. In May 2023, the 

most abundant corn phase was late generative. It 

covers about 236.43 ha from Landsat imagery and 

205.92 ha from ESTARFM fusion imagery these 

phases are the most widespread in Karangjati Forest 

each year. The growth cycle pattern of corn varieties 

NK-Perkasa, NK-Sableng, and NK-Sumo in Rejuno 

Village is twice a year, namely in the first rainy 

season (October-January) and in the second rainy 

season (February-June). NDVI values average about 

0.3 in the early vegetative phase, increase to about 0.6 

in the late vegetative phase, peak at about 0.8 in the 

early generative phase, and decrease to about 0.7 or 

0.5 in the late generative phase and harvest period. 

Corn is not planted during the dry season (July-

September). 

Future studies should consider utilizing Sentinel-

2 satellite imagery for corn crop phenology 

modelling due to its superior spatial, temporal, and 

spectral resolution compared to Landsat-8 and 

Landsat-9. The selection of satellite imagery should 

inherently ensure clarity and accuracy of data. 

Additionally, the use of hyperspectral satellites could 

be beneficial as they offer detailed and 

comprehensive reflectance spectra at various 

wavelengths, thereby enabling a more detailed 

determination of crop characteristics. 
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