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Abstract 

Sugarcane is a key raw material for sugar production and plays a significant role in Indonesia’s economy. 

Efficient monitoring and yield estimation are therefore crucial, yet remain challenging due to geographic 

variation and climatic conditions. Previous studies on sugarcane yield estimation using satellite data have been 

largely conducted in extensive, homogeneous plantations. However, little attention has been given to 

fragmented smallholder sugarcane fields, where historical yield data are scarce and land management is 

heterogeneous. This study addresses this gap by developing and validating an estimation model using Sentinel-

2 derived vegetation indices in smallholder sugarcane fields in East Java, Indonesia. Utilising Sentinel-2 

satellite imagery, various vegetation indices—NDVI, GNDVI, NDII, NDRE, and SAVI—were employed as 

predictors. Data were collected from 38 sugarcane fields across four sub-districts and analysed in relation to 

actual yields. The results show that the maximum values of the vegetation indices exhibit a strong correlation 

with sugarcane yield, with NDVI having the highest correlation coefficient (r = 0.72). A multiple linear 

regression model revealed that index combinations provided the best accuracy: NDVI + GNDVI (R² = 0.65, 

RMSE = 11.32 t/ha), NDVI + NDII + NDRE (R² = 0.67, RMSE = 11.36 t/ha), and NDVI + NDII + SAVI (R² 

= 0.68, RMSE = 11.36 t/ha). These findings highlight the applicability of remote sensing-based approaches for 

yield prediction in fragmented smallholder systems, particularly sugarcane, offering a practical pathway to 

improve forecasting and support farm-level decision-making. 
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1. Introduction 

Agricultural sector plays a crucial role in Indonesia’s 

economy, with sugar being one of the key 

commodities developed. Sugarcane industry and 

plantations have been integral to Indonesia's 

economic history for centuries, from colonial times 

to the modern era [1] and [2]. In the early 1930s, 

Indonesia reached a peak annual sugar production of 

nearly 3.0 million tons from 179 sugar factories, 

exporting 2.2 million tons to Europe [3]. Based on 

data from FAO [4], sugarcane production has shown 

an upward trend from 2010 to 2022. In 2022, 

Indonesia also ranked 27th as the largest exporter of 

sugar and its derivatives, valued at US$315 million, 

while simultaneously ranked third as the largest 

sugar importer, valued at US$1.79 billion [5]. 

East Java, one of Indonesia’s largest provinces, plays 

a pivotal role in national sugar production. In 2022, 

it recorded the country’s largest sugarcane 

cultivation area, covering 209,578 hectares and 

producing 1.2 million tons. Around 87% of this area 

is managed by smallholder farmers (Perkebunan 

Rakyat), while State-Owned Plantations and Private 

Plantations manage 12% and 1%, respectively. 

During 2018–2022, East Java’s average annual sugar 

production reached 1.05 million tons, contributing 

47.34% to national output [6][7] and [8]. This 

dominance highlights the importance of East Java as 

a focal region for national sugarcane studies.  
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However, despite its leading role, yield estimation 

and monitoring in the province remain challenging, 

particularly due to fragmented smallholder 

management systems. Despite Indonesia's vast 

potential in sugar production, challenges remain, 

especially in efficiently monitoring sugarcane crops 

and yield management. The country's geographic and 

climatic diversity complicates the monitoring and 

management of sugarcane plantations [9]. Field 

conditions, particularly in East Java, also reveal that 

many smallholder sugarcane farms are fragmented, 

and interspersed with other crops, such as paddy, 

corn, and other secondary crops, commonly referred 

to as palawija in Indonesia. Therefore, field-level 

studies on sugarcane yield estimation are crucial in 

addressing these constraints. 

Utilisation of optical satellite imagery has 

become a valuable method for sugarcane yield 

estimation in many studies [10]. With its ability to 

provide a broad overview of agricultural land 

conditions, satellite imagery is an effective tool for 

monitoring sugarcane growth and development, 

especially on a regional/broad scale. The increasing 

availability of medium-resolution optical satellite 

imagery, such as Sentinel-2 and Landsat 8-9, has also 

greatly supported various spatial analysis studies 

[11] and [12]. Among these applications, the datasets 

have been particularly beneficial in enhancing 

agricultural land management and optimisation [13].  

Sentinel-2 satellite using Multispectral Imager (MSI) 

sensor provides imagery with spatial resolution up to 

10 meters and covers 13 spectral bands. Meanwhile, 

Landsat 8-9 using the Operational Land Imager 

(OLI) offers imagery with spatial resolution up to 30 

meters and covers 9 spectral bands. These satellites 

are specifically designed and operated for continuous 

Earth surface monitoring missions [14]. This offers 

broad analysis possibilities, including land-use 

change monitoring, natural resource management, 

agricultural monitoring, and other types of analyses 

[15]. One widely developed application is the 

calculation of vegetation indices for monitoring 

agricultural land conditions. 

Vegetation indices (VIs) are typically calculated 

using combinations of spectral bands from satellite 

imagery. They provide valuable information, 

including plant health, productivity, vigour, and 

density, by measuring plant reflectance across 

different wavelengths [16] and [17]. Researchers 

around the world have widely used VIs for numerous 

tasks such as crop monitoring, area mapping and 

calculation, evapotranspiration estimation, drought 

identification, and many other studies 

[18][19][20][21][22] and [23]. Many researchers 

also have utilised various VIs to predict agricultural 

yields, with the most commonly applied being the 

NDVI (Normalized Difference Vegetation Index) 

[24]. Researchers have also utilised other indices, 

including combining multiple indices to obtain 

accurate models [25] and [26].  

Numerous studies have demonstrated the 

effectiveness of sugarcane yield estimation using 

VIs. NDVI derived from Moderate Resolution 

Imaging Spectroradiometer (MODIS), when 

integrated with artificial neural networks, has 

demonstrated the capability to estimate sugarcane 

yield in São Paulo, Brazil, anticipating the yield 

estimates by three months prior to harvest [27]. 

Furthermore, a comparative analysis of VIs extracted 

from Sentinel-2 imagery, conducted to predict 

sugarcane yield in Northern Karnataka, India, found 

that GNDVI achieved the strongest correlation with 

yield [28]. Additionally, another study in the 

Thakanto district, Thailand, underscored the 

importance of integrating multiple spectral 

information sources using Sentinel-2 and Landsat-

8/9 datasets to improve sugarcane yield prediction 

accuracy [29]. Many other studies also show the 

capability of VIs to estimate yields for various 

agricultural/plantation commodities [30] and [31]. 

One of the estimation approaches use historical 

yield data as the primary input, known as the 

empirical approach [15]. However, significant 

constraints exist in collecting such historical data, 

particularly in smallholder plantations in East Java, 

where historical yield data is often poorly recorded 

or undocumented [32]. Another challenge is the 

widespread land lease system [33] and [34], which 

complicates the collection and tracking of farmers 

yield data, making it disorganised and difficult to 

manage. Furthermore, most agricultural land in East 

Java is fragmented into small, non-homogeneous 

plots due to land conversion and inheritance systems 

that have occurred for generations [35] and [36], 

which further adds to the challenges in developing 

accurate prediction models.  

Therefore, this preliminary study is intended to 

develop a linear regression-based yield prediction 

model for Indonesia's fragmented and non-

homogeneous agricultural land. This research aims to 

produce a yield prediction method based on farmer-

reported yields, using various VIs as predictors 

across diverse land conditions and constraints. 

Through more comprehensive data processing, this 

research also aims to provide practical solutions for 

smallholder sugarcane farmers to optimise harvest 

planning and improve resource management. 

 

2. Material and Methods 

In this study, the methodological workflow (Figure 

1) was designed to integrate field-based yield 

observations with Sentinel-2–derived predictors.  
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Figure 1: Workflow illustrating the development 

and validation of the sugarcane yield estimation 

model in fragmented smallholder fields using multi-

temporal Sentinel-2 vegetation indices 

 

The process began with field data collection from 

smallholder sugarcane plots, followed by satellite 

image preprocessing and vegetation indices 

calculation. These indices were then temporally 

aggregated to represent crop growth dynamics and 

statistically evaluated for their correlation with yield. 

The most relevant predictors were used to develop 

regression-based models, which were subsequently 

validated using independent field datasets. The 

workflow summarises this sequential approach from 

data acquisition to model validation, as detailed in 

Sections 2.1 to 2.4. 

 

2.1 Study Area Overview 

Four subdistricts Gumukmas, Umbulsari, Kencong, 

and Jombang were selected as the study locations, 

because it’s the centres of sugarcane cultivation in 

Jember Regency, where sugarcane is the dominant 

crop. Geographically, Jember is situated in the 

eastern part of Java Island, Indonesia, covering an 

area of 3,306.7 km². The elevation in this region 

ranges from 0 to 3,096 meters above sea level and is 

flanked by two major volcanoes, Mount Argopuro 

and Raung [37]. Across Jember, the rainy season 

typically begins in October-November and lasts until 

April, with a total duration ranging from 18.1 to 19.1 

ten-day periods. The Oldeman climate classification 

varies from C3 (5-6 wet months) in most areas to D3 

(3-4 wet months) in the northwestern part, and E (<3 

wet month) in the southern part, reflecting moderate 

to dry climatic conditions across the region [38] and 

[39]. The topography is predominantly flat in the 

central region along its main rivers, Bedadung and 

Mayang, while it becomes hilly in the 

southeastern/downstream areas. This region is also 

recognised as a prominent agricultural and plantation 

area in East Java Province, with key commodities 

including rice, tobacco, cocoa, coffee, rubber, and 

sugarcane [40]. 

 

2.2 Field Data Collection 

Sugarcane yield data were collected from 38 

smallholder farmers across four sub-districts: 

Gumukmas, Umbulsari, Kencong, and Jombang. 

These areas are located in the southern part of Jember 

Regency, where the planting season typically begins 

between June and August. The predominant 

sugarcane variety grown in these areas is Bululawang 

(BL), Indonesia's most widely cultivated variety, 

with an average harvest time of about 10-12 months, 

depending on its ripening type (early, mid, and late 

ripening), with yield up to 150 tons/ha [41][42] [43] 

and [44].  All sugarcane plots in this study follow the 

traditional Sistem Juring Tunggal (single-stool 

system), in which one sugarcane set is planted per 

hole with uniform spacing (row-to-row distance 70–

100 cm; plant-to-plant distance 50–70 cm). Planting 

was conducted between June and August 2023 across 

all plots, resulting in slightly different crop ages at 

harvest. This uniform planting pattern, combined 

with known planting dates, ensures consistent 

canopy development and is relevant for spectral 

measurements and vegetation index calculations. 

The final yield data from each sugarcane plot were 

collected through farmer interviews during field 

visits between June 17 and September 17, 2024. 

Reported yields were based on field-scale records 

such as sales receipts or transport notes maintained 

by farmers, ensuring that the estimates reflected 

actual harvest outputs rather than farmer recall alone. 

These visits also gathered information about land 

ownership, planted varieties, and planting dates. 

Additionally, the geographic coordinates of each 

sugarcane plot were collected using SW Maps 

version 2.10.1.0, a free mobile GIS and mapping 

application [45]. The locations and summary 

statistics of the sugarcane plots are presented in 

Figure 2 and Table 1. The total plots were randomly 

divided into 25 plots (65%) for model training data, 

with the remaining 13 plots (35%) used for validation 

data. 
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Figure 2: Spatial distribution of fragmented smallholder sugarcane fields in Jember Regency, East Java, 

Indonesia (a) locations of 38 sugarcane fields; (b) enlarged true colour composite; and (c) Sentinel-2 false-

colour composite (SWIR, NIR, Red) of representative fields 
 

Table 1: Summary statistics of the area and yield data from 38 sugarcane field plots 
 

 Min Max Mean Median Std dev 

Area (Ha) 0.10 7.69 1.26 0.67 1.68 

Yield (Ton/Ha) 101.96 173.40 127.70 127.28 14.16 

 

2.3 Satellite Data Collection and Processing 

Sentinel-2 imagery was processed using the Google 

Earth Engine (GEE) platform. The images were 

acquired between May 2023 and June 2024, aligning 

with the sugarcane growing season in the study area. 

Sentinel-2 Level 2 (Surface Reflectance) images 

were used as the dataset, with two filters applied, 

cloud cover (<40%) and sugarcane plot boundary. A 

cloud masking script was also applied to reduce 

interference from cloud cover, which is prevalent in 

tropical regions and often poses challenges for 

optical imagery [46]. Additionally, the Scene 

Classification Layer available with Sentinel-2 data 

was utilised as a custom filter to retain only pixels 

previously classified as bare soil and vegetation, 

enhancing the quality of the imagery [47] and [48].  

The selection process yielded 101 image scenes 

over the filtered period. The five vegetation indices 

were calculated from these selected images, as 

shown in Table 2. Within each plot, pixel-level VI 

values were first aggregated per month using the 

mean reducer in GEE to handle missing or cloud-

affected pixels, typically resulting in 4–6 valid 

observations per month. Various studies indicate that 

the median reducer is the most commonly applied 

method for creating image composites; however, this 

study found that this method produced lower 

accuracy (results not shown), prompting us to opt for 

the mean reducer [49][50] and [51]. From these 

monthly averages, seasonal statistics including the 

mean, median, and maximum were computed for 

each plot. 

In this study, linear regression and multiple linear 

regression were used as approaches to identify the 

best simple model for predicting sugarcane yields in 

fragmented land conditions and at relatively different 

phenological stages. Model fit was evaluated using 

the coefficient of determination (R²) from the 

training dataset (25 plots), while predictive accuracy 

was assessed using the Root Mean Square Error 

(RMSE) on the independent validation dataset (13 

plots). In addition, the selected model was 

revalidated on all 38 plots to provide overall 

performance metrics and spatially consistent yield 

predictions. 
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Table 2: Vegetation indices used in this study 
 

Vegetation indices Equation Reference 

Normalized Difference Vegetation Index 

(NDVI) 

NIR RED
NDVI

NIR RED

−
=

+
 

[52] 

Soil Adjusted Vegetation Index  

(SAVI) ( )(1 )

NIR RED
SAVI

NIR RED L L

−
=

+ + +
 

[53] 

Green Normalized Difference Vegetation 

Index (GNDVI) 
NIR GREEN

GNVI
NIR GREEN

−
=

+
 [54] 

Normalized Difference Red Edge  

(NDRE) 
NIR RED Edge

NDRE
NIR RED Edge

−
=

+
 [55] 

Normalized Difference Infrared Index  

(NDII) 
NIR SWIR

NDII
NIR SWIR

−
=

+
 [56] 

 

2.4 Vegetation Indices 

This study used five vegetation indices NDVI, 

GNDVI, SAVI, NDRE, and NDII derived from 

Sentinel-2 imagery as predictors of sugarcane yield 

(Table 2). Vegetation index data were extracted 

throughout the entire growing season at a temporal 

resolution of five to ten days, in accordance with 

Sentinel-2’s revisit cycle [57] and [58]. This high-

frequency data acquisition enabled continuous 

monitoring of sugarcane growth dynamics and 

facilitated the identification of critical developmental 

stages. To determine the most effective predictor, an 

initial statistical analysis was conducted on the 

maximum (Max), mean (Mean), and median (Med) 

values of each index. These values were analysed for 

correlation with actual yield data to evaluate which 

metric provided the most accurate prediction. 

Spearman's Rank analysis was used to evaluate the 

relationship/correlation between vegetation indices 

and yield, allowing for the identification of non-

linear trends that may not be detected by Pearson 

correlation [59]. 

 

3. Results and Discussion 

An initial analysis was conducted on each index's 

maximum, mean, and median values, as shown in 

Table 3 below. Despite the application of a strict 

cloud-filtering threshold (<40%), temporal 

inconsistencies due to frequent cloud cover in 

tropical regions remain an inherent limitation when 

using optical satellite imagery. To mitigate these 

effects, we employed a temporal aggregation strategy 

by averaging vegetation index (VI) values at a 

monthly scale across the growing season. From these 

aggregated values, the maximum (Max), mean 

(Mean), and median (Med) VI were then derived to 

capture the variability of crop vigour stages. This 

approach not only minimises residual noise and 

potential outliers caused by cloud contamination, but 

also enhances the biological relevance of the 

predictor variables, as sugarcane yield is closely 

associated with the period of maximum canopy 

development. The maximum VI (Max) generally 

exhibits a more robust correlation compared to the 

mean (Mean) and median (Med). This indicates that 

the peak growth values of sugarcane have a greater 

influence on yield [60] and [61]. Based on the NDVI 

pattern depicted in Figure 3 below, the peak VIs for 

sugarcane in this region typically reach in February 

2024, two to three months before harvest [62]. 

 

Table 3: Correlation coefficients of each vegetation 

index with actual yield data  
 

Index Correlation Coefficient 

NDVI max 0.725 

GNDVI max 0.429 

NDII max 0.672 

NDRE max 0.678 

SAVI max 0.678 

NDVI med 0.386 

GNDVI med 0.336 

NDII med 0.328 

NDRE med 0.436 

SAVI med 0.436 

NDVI mean 0.376 

GNDVI mean 0.262 

NDII mean 0.371 

NDRE mean 0.469 

SAVI mean 0.470 

 

As the most commonly used VI, NDVI strongly 

correlates with yield, which indicates that vegetation 

density and health correlate with sugarcane 

productivity [63]. In contrast, GNDVI and NDRE are 

more sensitive to chlorophyll content. The lower 

correlation compared to NDVI may indicate that 

other factors besides chlorophyll also play significant 

roles in determining sugarcane yields [64] and [65]. 
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Meanwhile, SAVI, designed to reduce soil 

brightness's influence, also shows a strong 

correlation [66]. Based on these initial correlation 

results, the maximum values of each vegetation 

index were used as predictors or input data in the 

regression analysis. Table 4 below shows the 

combinations of various vegetation indices used to 

predict sugarcane yield productivity by examining 

two main parameters: the coefficient of 

determination (R²) and Root Mean Square Error 

(RMSE). R² describes how much variability in 

sugarcane productivity data can be explained by the 

regression model using a combination of vegetation 

indices. R² values range from 0 to 1, with values 

closer to 1 indicating that the model better explains 

data variation. In this context, a higher R² value 

means the model is more effective at explaining 

sugarcane productivity variation based on its 

independent variables (vegetation indices). On the 

other hand, RMSE indicates the average prediction 

error of the model, with the same unit as the predicted 

variable, i.e., tons/ha. RMSE provides insight into 

how far the model's predicted values are from the 

actual values. The lower the RMSE value, the more 

accurate the predictions generated by the model [67] 

and [68]. 
 

 
Figure 3: The variation of NDVI in relation to sugarcane growth 

 

Table 4: The coefficient of determination and RMSE of each index and their combinations measured  

using validation plots. The numbers indicated in bold represent the best results 
 

Index ID R² RMSE 

NDVI M1 0.525 11.522 

GNDVI M2 0.186 13.471 

NDII M3 0.452 11.892 

NDRE M4 0.460 11.980 

SAVI M5 0.460 11.980 

NDVI + GNDVI M6 0.653 11.318 

NDVI + SAVI M7 0.527 11.517 

NDRE + SAVI M8 0.468 12.061 

NDVI + NDII + NDRE M9 0.542 11.363 

NDVI + NDII + SAVI M10 0.542 11.363 

GNDVI + NDRE + SAVI M11 0.521 12.071 

NDVI + GNDVI + NDRE + SAVI M12 0.664 11.557 

NDVI + NDII + NDRE + SAVI M13 0.549 11.460 

NDVI + GNDVI + NDII + SAVI M14 0.655 11.412 

NDVI + SAVI + NDII + GNDVI + NDRE M15 0.665 11.637 
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Based on the validation results presented in the table, 

the combination of various vegetation indices shows 

significant differences in predicting sugarcane 

productivity. When using a single index, NDVI (M1) 

yields the best results with an R² of 0.525 and RMSE 

of 11.522, indicating that NDVI can explain 

approximately 52.54% of the variability in sugarcane 

productivity. Other indices, such as GNDVI (M2), 

have a significantly lower R² (0.1863) with an RMSE 

of 13.471, suggesting that this index alone does not 

provide accurate predictions. Meanwhile, other 

indices like NDII (M3), NDRE (M4), and SAVI 

(M5) offer moderate results but still fall below 

NDVI. 

When two indices are combined, the predictions 

become more accurate, with the combination (M6) 

(NDVI + GNDVI) achieving the best R² and RMSE, 

respectively, of 0.653 and 11.318. This combination 

enhances the model's ability to explain sugarcane 

productivity variability to 65.28%, with lower 

prediction errors than single indices. Combinations 

of three indices, such as (M9) and (M10), show 

steady improvements with an R² of 0.542 and an 

RMSE of around 11.36, although not as high as the 

best two-index combination. In four to five index 

combinations, such as (M12) and (M15), while R² 

reaches 0.665, the increase in prediction accuracy 

does not accompany a significant reduction in 

RMSE. The six index combinations with the best 

RMSE results are then used to estimate yields across 

all plots and cross-validated with actual harvest 

results collected from farmers to assess the prediction 

model's accuracy on a larger sample. Figure 4 below 

shows the scatter plot from this revalidation. 

Based on the revalidation using a scatterplot 

comparing sugarcane yield estimates with actual 

harvest data (Figure 4), it was found that the 

combination (M6) (NDVI + GNDVI) still provided 

the best results with a coefficient of determination 

(R²) of 0.461 and an RMSE of 12.890. This indicates 

that this combination can explain about 46.09% of 

the variability in sugarcane yield, with a relatively 

low prediction error. This two-index combination 

proved the most effective in predicting yields among 

all tested combinations. NDVI is an excellent 

indicator for predicting sugarcane yield because it is 

closely related to two key yield components: biomass 

and sugar content. During the growth phase, NDVI 

closely correlates with the Leaf Area Index (LAI), 

which reflects the density and surface area of the 

plant's leaves [69] and [70]. LAI influences 

photosynthesis and biomass accumulation, 

indicating that a high NDVI value can represent 

optimal sugarcane growth [71]. Additionally, during 

the maturation and ripening phases, NDVI also 

reflects changes in leaf colour and canopy density, 

which are associated with aboveground biomass 

accumulation [72]. As sugarcane matures, the 

structural changes in the crop can significantly 

impact the total yield harvested [73][74][75] and 

[76]. 

Although NDVI is a widely used, many research 

found that it has certain limitations, particularly 

saturation issues at high biomass levels, which can 

reduce its sensitivity in dense crop canopies [77][78] 

and [79]. As an index that uses the green spectral 

band, GNDVI was found to reduce this saturation 

issue. The green band (0.560 nm) has greater 

penetration into leaf canopy [80], making it more 

effective for assessing vegetation vigour in high-

density crops such as sugarcane [81] and [82]. 

Moreover, GNDVI is particularly sensitive to 

chlorophyll content and photosynthetic activity 

[83][84] and [85], which are critical factors in 

biomass accumulation and overall crop health. 

NDVI and GNDVI combination provides 

stronger predictive performance probably due to 

their complementary strengths. NDVI effectively 

tracks biomass accumulation and sugar content 

changes, while GNDVI enhances sensitivity to 

chlorophyll variations and reduces saturation effects. 

This synergy leads to more accurate yield 

estimations, as shown by lower RMSE values and 

higher R² scores in predictive models. By integrating 

both indices, the model can capture a broader range 

of crop conditions, leading to improved precision in 

sugarcane yield predictions. The second-best 

combination is (M14), which yielded R² and RMSE 

values of 0.456 and 12.890, respectively. Although 

the R² value is slightly lower than that of combination 

(M6), adding other indices like NDII and SAVI 

enhanced the model's capacity to explain yield 

variability, but not enough to significantly reduce the 

RMSE value. Despite a slightly higher prediction 

error, this combination still provided satisfactory 

results. 

NDII, which primarily indicates the water content 

in crops [85], has the potential to correlate with 

sugarcane yield, as water availability plays a crucial 

role in crop growth and productivity [86]. However, 

despite its relevance, the inclusion of NDII did not 

significantly improve the predictive accuracy in 

terms of reducing RMSE. Similarly, SAVI, which is 

designed to minimise the impact of soil brightness 

[87], has shown potential in improving the stability 

of spectral reflectance relationships with crop yield, 

particularly in areas with low vegetative cover. 

Another research have highlighted the advantages of 

distance-based vegetation indices like SAVI in 

refining NDVI-based yield predictions [88].  
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Figure 4: Sugarcane yield validation for the six highest RMSE values: 

(a) M6, (b) M9, (c) M10, (d) M13, (e) M14, (f) M7 
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Yield = -231.739 GNDVI + 380.6519 NDVI  
             - 16.0079 

 

Yield = 179.1276 NDVI + 65.14929 NDII  
             - 18.6489 NDRE - 41.9745 

 

Yield = 65.17559 NDII - 12.078 SAVI  

             + 178.4933 NDVI - 41.7935 

 

Yield = 169.0341 NDVI + 5460.269 SAVI  
                  + 69.58565 NDII - 8202.41 NDRE  

                  - 39.5298 

 

Yield = -9.68328 SAVI - 246.115 GNDVI  
                 + 429.6437 NDVI - 26.3648 NDII  

                  - 20.4352 

 

Yield = -18.5559 SAVI + 243.6804 NDVI  

                  - 47.1982 
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Figure 5: Spatial distribution of predicted sugarcane yield (t/ha) for six adjacent plots (Plots 9–14) within  

the study area, derived from the NDVI + GNDVI model 

 

However, in this study, while SAVI contributed to 

explaining sugarcane yield variability, it did not 

substantially lower the prediction error. This 

suggests that while NDII and SAVI hold promise for 

improving yield estimation models, further 

refinement and additional datasets are needed to fully 

leverage their potential in sugarcane yield prediction. 

Overall, it can be concluded that while several 

combinations with three to four indices yielded 

promising results, the NDVI + GNDVI (M6) 

combination remains the most efficient, offering the 

best balance between the ability to explain yield 

variability (R²) and achieving low prediction error 

(RMSE). In this study, more complex models, while 

enhancing explanatory capacity, did not always lead 

to significant reductions in prediction errors; 

therefore, more straightforward yet effective models 

are recommended. To further illustrate the 

applicability of this model at the field scale, a spatial 

analysis was conducted for six adjacent plots (Plots 

9–14) within the study area (Figure 5). This figure 

demonstrates how the model operates at the pixel 

level and highlights yield variability both within and 

across fields, reflecting the fragmented nature of 

sugarcane cultivation in East Java. 

The results revealed both consistencies and 

deviations. For instance, Plot 9 showed strong 

agreement between prediction (131.41 t/ha) and 

actual yield (133.66 t/ha), whereas Plot 10 was 

notably overestimated (142.78 vs. 126.11 t/ha) and 

Plot 13 was underestimated (134.61 vs. 146.13 t/ha). 

The remaining plots displayed moderate deviations, 

generally within 5–8 t/ha. These findings highlight 

that while the model effectively captures yield 

patterns, discrepancies can still arise at the field level, 

particularly where local management and soil 

conditions differ [10] and [89]. 

Such deviations are not uncommon in linear 

regression models, which assume uniform 

relationships across all fields. In contrast, machine 

learning (ML) approaches, such as Random Forests 

or Gradient Boosting, could potentially reduce these 

errors by capturing nonlinearities and site-specific 

interactions between vegetation indices and yield. 

While the present study focused on a parsimonious 

multiple linear regression for interpretability and 

practicality, future work could compare its 

performance against ML-based methods to 

determine whether prediction errors at the field scale 

can be minimised further. 

 

4. Conclusion 

This preliminary study explores the potential use of 

vegetation indices derived from Sentinel-2 satellite 

imagery to predict sugarcane yield in fragmented 

agricultural lands. This study has developed a new 

approach for estimating sugarcane yield production 

by evaluating the correlation of maximum values of 

single and multiple vegetation indices with actual 

yield data collected from farmers. The analysis 

shows that NDVI has the strongest correlation with 

sugarcane yield among the five indices tested, 
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followed by NDRE, SAVI, NDII, and GNDVI. 

Maximum vegetation index values are more effective 

than average and median values in estimating 

sugarcane productivity. Fifteen types of treatments, 

both single and combinations of several indices, were 

tested in this study. However, the combination of the 

two indices, NDVI + GNDVI, produced a more 

accurate predictive model with an R² value of 0.65 

and a lower RMSE (11.318 ton/ha) than 

combinations of three to five indices. 

Furthermore, the temporal aggregation strategy 

used to handle frequent cloud cover in tropical 

regions ensures that the vegetation indices reliably 

capture peak crop development, enhancing the 

robustness of the predictive model. Overall, this 

research successfully demonstrates that remote 

sensing technology based on satellite imagery can 

provide an efficient solution for monitoring and 

predicting sugarcane yield, particularly in 

fragmented and heterogeneous agricultural land such 

as Indonesia, using a linear regression approach. 

Thus, the findings of this study can assist farmers 

and land managers in improving agricultural 

management efficiency through more accurate yield 

predictions. It is important to emphasise that this 

research should be further developed, especially by 

using machine learning-based regression approaches 

such as Random Forest, Support Vector Regression, 

and Artificial Neural Networks, as these methods 

have the potential to enhance model accuracy. 

Nevertheless, it should be noted that this study 

represents an initial step in developing a predictive 

model for sugarcane yield and is based on a limited 

dataset. The findings and model performance should 

be validated with a more extensive dataset covering 

different regions, soil conditions, and climatic 

variations to ensure robustness and generalisability. 
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