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Abstract 

Remote sensing is gaining popularity in agriculture systems due to the advancements in technology and the precise spatial 

and temporal data sensed by Earth Observation satellites, aid in land and water monitoring. But to align with Sustainable 

Development Goal, SDG 2.0 (Zero Hunger), accurate crop yield forecast is necessary to handle the crop shortages and crop 

surpluses accordingly. As crop yield prediction depends on efficient crop maps, reliable crop maps (of late mostly done by 

Machine learning/Deep learning models) require continuous time series data of croplands. Atmospheric attenuation has a 

big role to play in Optical satellites. Snow / cloud cover / aerosols degrade the onboard recorded values considerably. 

Cloudy pixel values make the analysis less accurate. Since optical satellites fail to deliver gap free time series data, a 

technique to recover/predict the missing pixel data becomes essential. To handle such pixel values, a technique to 

reconstruct or predict the missing values is much needed as Machine learning / Deep learning models are efficient when fed 

with gap free data. Observations from the conducted study by employing statistical methods over cloud computing platform 

have revealed an acceptable range of Root Mean Square Error and F1 score. In this paper, investigations done to get a best 

estimate of the missing pixel values, using a statistical approach is discussed. Rolling statistics (Moving Average), Gap 

filling, SG (Savitzky Golay) filtering, Interpolation are performed with Normalized Difference Vegetation Index (NDVI) 

values, over a period of four years at a sugarcane farmland region. Using GEE (Google Earth Engine) as a cloud computing 

service and satellite dataset provider, NDVI values obtained are compared with the actual ground values. SG filtering gave 

better approximations of missing values compared to other statistical methods. Our study demonstrates an effective 

technique in generating gap free data that improvises the performance of crop yield prediction models. 
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1. Introduction 

Climate change and soil degradation are the key parameters affecting crop growth and hence, agriculture-based 

products. Since Indian economy depends on Agriculture and its products, unpreparedness in handling uncertainties about 

crop yields, crop quality, etc. will result in a food crisis [1]. To analyse the trend and understand the pattern of farming and 

predict yield before harvest, it requires timely monitoring of crop lands and farming practices. Timely monitoring of 

croplands spread across geographical areas, requires time and logistics management which is cumbersome when it is done 

manually. Among modern tools, satellite remote sense images are used [2]. Aerial photography data acquisition using 

drones is costly in comparison with satellite images. Analysing satellite images over a period will give a clue about 

vegetation patterns, land cover change details, disaster alarms, etc. Remotely sensed satellite images and ML (Machine 

Learning) / DL (Deep Learning) will be a unique set of solutions to periodically monitor agriculture areas; for crop 

identification, crop map generation, yield forecasting, to help strategy planning for crop shortage or surplus accordingly.   

Analysing satellite images involves huge data and the vegetative indices used for above mentioned applications.  

Continuity in the captured band values is necessary for the statistical ML/DL analysis. Consider for example, satellite 

image analysis to identify the crop grown areas, requires continuous dynamic behaviour exhibited by the crops over its life 

cycle. But many optical earth observation satellites give ‘gaps in image data’ due to atmospheric attenuation of the signal 

especially during monsoon season. Cloud cover/fog attenuates the signal drastically and no values or incorrect values are 

recorded by the optical satellite sensors, creating a gap or missing data. So, to get gap free image data, a technique is 

needed [3] to fill or compensate for these missing values due to atmospheric conditions.   

 

1.1. Objectives  

Every crop has its own specific spectral signature, any images over a monitoring period carrying the attributes specific 

to a crop. This spectral information plays a crucial role and contributes to specimen spectral signature which differentiates 

the different crops and its varieties as well [4]. Spectral information is reflected in the band values collected by the sensors 

carried aboard by the satellite.  

In this paper, a study has been done to investigate the best estimate of the missing pixel values. In ML/DL, predictions 

can be modelled with optimum accuracy if the model is trained with gap free data. With this as an objective, timely based 

satellite images of agricultural land grown with sugarcane are collected. This data is used as training data for different 

ML/DL techniques, to model gap free data. Google Earth Engine (GEE) is used as Platform as a Service (PaaS) to analyse 

the observations. Research work is conducted to generate a gap-free time series data, for satellite image analysis. This work 

includes (i) choosing a particular Indian crop, study region and its phenology study.  (ii) selecting satellites covering the 

study region (iii) applying statistical methods to fill gaps in time series data and validation using in situ data (ground 

truthing).  

 

1.2. Selection of Crop  

Sugarcane is a principal commercial crop that is grown in the subtropical and tropical regions of the country. India has 

the largest area under the sugarcane cultivation throughout the globe and is second largest producer next only to Brazil [5]. 

In India, sugarcane production and sugar industry play an important role in socioeconomic development in rural areas by 

utilising resources and creating job opportunities and higher income as well. About 8.0% of the agricultural population and 

about 45 million sugarcane farmers, their dependents, and an oversized population of agricultural labour are associated with 

sugarcane cultivation, harvesting, and accessory activities in India [6]. Sugarcane accounts for the largest value of 

production in the country and holds top position among other commercial crops. It is a popular choice for cultivation 

among farmers wherever geographical and climatic conditions favour its growth [7]. Sugarcane crop grown as Eksali 

(Annual crop) is selected for study. 

 

1.3. Selection of Satellite 

Three satellite datasets were explored from open-source data catalogues of GEE spanning over the study region 

namely MODIS, Landsat, Sentinel. Sentinel datasets were selected due to its good spatial resolution (10m), acceptable 

spectral resolution (13 bands) having sufficient revisit time (5 days) as compared with MODIS and Landsat over study 

region. Sentinel datasets are mainly used for Land use / land cover applications provided by Copernicus, United States 
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Geological Survey (USGS). Sentinel data catalogue includes surface reflectance products and top of atmosphere 

reflectance products.  

 

1.4. Application of Statistical Methods  

Statistical methods employed using the inbuilt functions of GEE namely joins, masks and filters are-  

● Moving Average: It completely changes the value of the time series. Average value at each point in the time series 

image was taken and replaced by taking either mean or median over the selected time window.  

● Gap Filling: It changes only the missing / masked time series data. The first cloud free pixel was picked and 

replaced in mosaic. Proper selection on time window requires phenology knowledge and experience. 

● Interpolation: It creates a series of empty images / time series, then temporal neighbourhood values are used to fill 

the gaps in the data.  

● Savitzky Golay (SG) filter: It uses a polynomial to do curve fitting by the available data. Smoothening of the time 

series pattern was achieved which helps in trend analysis easily. Selecting the proper order for polynomials was 

challenging and required little expertise.  

Predicting missing data in image is done with following steps: 

i) Each image will be added with time – band. 

ii) The image collection will be joined with itself to get before and after images as well. 

iii) Interpolated images are created by replacing masked pixels with new processed values. 

iv) Check and validate the results 

The investigation demonstrated that Join, Mask, Filter in GEE can effectively fill gaps of time series remote sense data. 

 

2. Materials and Methods  
2.1. Study Region 

The study area selected is Desur village, located at 15.74250 N (Latitude), 74.50530 E (Longitude), in Belagavi 

district, Karnataka. The study region is a part of the ‘Sugar Bowl’ of Karnataka state in India, which is known for 

accounting to 35% of state sugarcane production [8]. Sugarcane crop is grown as an annual crop in the selected study 

region.  

After an interaction with cultivators, the crop calendar for annual (Eksali) sugarcane crop is as shown in Figure 1. 

Depending on the date of planting; sugarcane has 4 four growth phases namely Germination, Tillering, Grand growth, 

Maturity is as listed in Table 1. There is a practice called “Ratooning” where the crop is regrown for 2 – 3 two to three 

times every year after harvest, by preserving the roots of the sugarcane. The sugarcane varietal grown in the study area are 

mainly Co86032, CoC671, Co-09004. The study area was envisaged for the application of geospatial technology in crop 

identification and assessment of model in identifying sugarcane crop grown area in the selected study areas, using Satellite 

imageries and Machine Learning Techniques. 

 

 
Figure 1.   

Sugarcane crop grown at study region and its growth phases (Eksali variety – annual crop). 

 
Table 1.  

Growth phases of the sugarcane crop (Annual - Eksali). 

Crop growth phase Schedule at Study Region 

Germination Feb-Mar 

Tillering Apr-June 

Grand growth July-Sep 

Maturity Oct-Dec 
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2.2. Remote sensing data 

GEE platform (an open source) was used to download remote sense images. Different composites of satellite imageries 

are available for public access to download and analyse. In this study, Sentinel 2, Surface Reflectance (SR) composites 

with 13 bands, 10 m spatial resolution and 5 days temporal resolution images were used. Multispectral data collected by the 

instrument on board and also metadata is available for analysis. GEE is also used as a computing resource as the Earth 

Engine API is available in Python and JavaScript, making it easy to harness the power of Google’s cloud for our own 

geospatial analysis [9]. The web-based code editor is used for fast, interactive algorithm development with instant access to 

petabytes of data. This rendered a great flexibility on local machines by connecting to a powerful computing machine and 

its storage as an advantage. The data catalogue contains products with geometric, radiometric and atmospheric corrected 

satellite images. With 72 images every year for a period of 4 years will be 288 images to process and analyse. This 

information is vital for implementing efficient management strategies and anticipating potential yield losses.  

 

2.3. In-Situ Sugarcane Crop Data Collection  

In this study, study site Desur was visited where records of agriculture related information of the villages constituting 

the Taluka was collected. For verifying/ground truthing satellite data, and to understand the cropping patterns and issues, a 

detailed social survey and field survey were conducted. The field-based ground-truths were collected periodically (quarter) 

for the years 2023, 2024. Ground truths, for validating satellite data, were collected through Global Positioning System 

(GPS) [Garmin OREGON 650] device and Quantum Geographic Information System (QGIS), an open-source software is 

used to create shape files that can be uploaded as assets in GEE by surveying the study region. Spectroradiometer (Spectra 

Vista Corporation’s portable instrument – SVC H512i data) as shown in Figure 2 is used to get gap-free sensor values, 

collected as a periodic visit to the study region. Vegetation index, Normalized Difference Vegetation Index (NDVI) which 

is also called crop growth profile indicator [4] was calculated using the values recorded from the devices mentioned above 

using expression (1). NDVI calculated for the years 2023 and 2024 are compared with statistical methods to find the best fit 

for predicting the missing values. 

NDVI =
(NIR − R)

(NIR + R)
                  (1) 

where R and NIR represent pixel reflectance values in the red and near-infrared bands, respectively. 

 

 
Figure 2.  

Sugarcane crop data collection using portable devices in field and reports generated. 
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2.4. Statistical Approach for Time Series Data Generation 

Time series analysis describes, explains, and predicts changes in a phenomenon through time. People have utilised 

techniques that add a distinctive spatial dimension to this type of analysis [10]. Major applications of spatiotemporal 

analysis include forecasting yield, analysing the development of crops in croplands, and forecasting/back casting economic 

risks in case of shortage or surplus accordingly. Crop identification and grown area estimation can be predicted with a gap 

free pattern from satellite images. 

 Multispectral Instrument (MSI) carried by optical satellites being used for tracking continuous events on land use 

activities. MSI contain different types of sensors which can acquire land cover features like vegetation, soil, water bodies, 

and coastal areas, including information on their health and changes over time; this data is used for monitoring land use, 

vegetation dynamics, and environmental changes across various scales [11]. These features are recorded in the form of 

seamless univariate or multivariate time-series data. Very often, however, the data contains missing data which disrupts the 

continuity of the data making it difficult to analyse the data. The missing part of the data needs to be ascribed to make the 

remaining available data applicable. 

 Choosing the proper ascribing method is crucial for fruitful analysis and extracting underlined features from the data 

[3]. NDVI is used as an important performance indicator. Different statistical methods namely Moving average, Gap filling, 

Interpolation, Savitzky Golay filter are used.  

The moving average is calculated for each individual missing NDVI value using expression 

Y(i)j=0
M−1 = {

1

M
} ∑ X[i + j]               (2) 

where Y: NDVI value, X: time stamp, j: window size 

 

The sharp rise and falls in NDVI values were smoothened by Moving average using (2) are depicted in Figure 3, but 

long gaps were unattended. Creating a regularly spaced time series and then using temporal neighbours NDVI to interpolate 

the missing values was done using (3).  

Y = Y1 + [Y2 − Y1] ∗
t − t1

t2 − t1

           (3) 

where Y = interpolated image,  

          Y1 = before image, Y2 = after image 

           t = interpolation timestamp 

           t1 = before image timestamp, t2 = after image timestamp 

 

Also, application of SG filter was performed which indeed produced the best results after hyper tuning the parameters. 

NDVI composite after Savitzky Golay filtering is shown in Figure 3. These values were found close to ground truth values 

after validation. Savitzky Golay polynomial is optimised for the time window size and order of the polynomial. 

 

2.5. Statistical Methods for Gap Free NDVI 

Four years of sentinel data namely 2020, 2021, 2022 and 2023 are downloaded for the selected study region and NDVI 

are computed which is shown in Table 1. As evident the gaps in time series data will hamper the performance of machine 

learning / deep learning techniques [12].  

In Shibuya, et al. [13] statistical methods namely interpolation, mean and median were tested for sugarcane crop using 

Venµs satellite time series with NDVI composites and achieved an overall accuracy of 0.81, used for Brazil agriculture 

landscapes. Also, better discrimination of annual crops having high temporal dynamics by improvising or optimising the 

statistical methods is achievable. The study in this work, revealed improved performance of the statistical methods.  

These gap free NDVI will be essentially important hyperparameters for Machine learning techniques or Deep learning 

techniques to analyse the crop status in mid-season, forecast the yield which aids in framing policies, planning strategies, 

decision making.  

 

3. Results 
The gap-free NDVI plots using the Moving average, Gap filling, Interpolation, SG filter methods, for the years 2020, 

2021, 2022, 2023 are shown in Figure 3. It is observed that aberrations and assignment of missing values in SG filter is 

near to the real values, with minimum error.  

As evident from Table 2, monsoon data is not available from remote sensed images and accordingly it is not possible 

to calculate the NDVI values during those timelines, which in fact is a crucial phase in the crop calendar of sugarcane crop 

as steep growth of crop and farming activities are intensely engaging during monsoon. Number of sampling points directly 

maps to the accuracy of the data prediction model. Unavailability of data during these ‘three to four months’ needs a 

solution to be addressed that is more reliable, accurate, simple for implementation. SG filtering gave good results (Please 

refer to Figure 3) over NDVI composites.    
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Table 2. 

 NDVI values from satellite time series data for years 2020, 2021, 2022 and 2023. 

Year   2020 Year   2021 Year   2022 Year   2023 

Date NDVI Date NDVI Date NDVI Date NDVI 

15 Jan 20 0.176 19-Jan-21 0.224 04-Jan-22 0.389 04-Jan-23 0.211 

20-Jan-20 0.155 24-Jan-21 0.199 09-Jan-22 0.411 14-Jan-23 0.218 

25-Jan-20 0.178 03-Feb-21 0.139 19-Jan-22 0.35 19-Jan-23 0.225 

30-Jan-20 0.161 08-Feb-21 0.152 29-Jan-22 0.324 24-Jan-23 0.194 

04-Feb-20 0.151 13-Feb-21 0.138 03-Feb-22 0.313 13-Feb-23 0.236 

19-Feb-20 0.141 28-Feb-21 0.141 08-Feb-22 0.304 18-Feb-23 0.258 

29-Feb-20 0.119 05-Mar-21 0.156 13-Feb-22 0.27 28-Feb-23 0.254 

15-Mar-20 0.21 10-Mar-21 0.171 18-Feb-22 0.246 05-Mar-23 0.231 

20-Mar-20 0.276 15-Mar-21 0.189 23-Feb-22 0.195 10-Mar-23 0.276 

30-Mar-20 0.244 20-Mar-21 0.156 28-Feb-22 0.179 30-Mar-23 0.333 

09-Apr-20 0.241 04-Apr-21 0.217 05-Mar-22 0.156 04-Apr-23 0.321 

19-Apr-20 0.247 09-Apr-21 0.173 10-Mar-22 0.131 09-Apr-23 0.33 

24-Apr-20 0.297 19-Apr-21 0.272 15-Mar-22 0.153 19-Apr-23 0.319 

09-May-20 0.324 29-Apr-21 0.321 30-Mar-22 0.205 24-May-23 0.46 

14-May-20 0.371 04-May-21 0.401 26-Oct-22 0.531 29-May-23 0.47 

24-May-20 0.367 26-Oct-21 0.482 31-Oct-22 0.511 03-Jun-23 0.522 

05-Nov-20 0.525 25-Nov-21 0.555 30-Nov-22 0.444 26-Oct-23 0.581 

10-Nov-20 0.52 20-Dec-21 0.462 20-Dec-22 0.396 15-Dec-23 0.332 

30-Nov-20 0.497 25-Dec-21 0.39 25-Dec-22 0.259 25-Dec-23 0.264 

15-Dec-20 0.427 30-Dec-21 0.401 30-Dec-22 0.244 30-Dec-23 0.24 

 
Table 3. 

RMSE and F1 scores of statistical methods used for study. 

Metric/ Method Moving Average Gap filling Interpolation SG filter 

RMSE 0.0851 0.0812 0.0731 0.0646 

F1 score 0.645 0.664 0.725 0.789 

 

 
Figure 3. 

NDVI missing value assignment by statistical methods. 
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4. Discussion  
Accuracy assessment was performed using Root Mean Square Error (RMSE), F1 score as metrics for evaluation. 

Results obtained are as tabulated in Table 3. For sugarcane crops, the results were validated using spectroradiometer 

readings collected in situ, using spectral range 350 nm - 1050 nm with 512 channels. In [14] have used to study the best 

estimates for agriculture crop characteristics by optimising wavebands and widths. The reflectance spectroradiometer 

readings are used to get physicochemical variables of soil [15] paving way towards precision agriculture; but requires 

sophisticated interpretation (due to huge data). This study investigated the usefulness of spectroradiometer reflectance 

values in validating the statistical methods estimates of missing pixel values. The aberrations smoothened by SG filter will 

be a data preprocessing task to feed ML / DL models with a gap free data. Crop dynamics has a specific pattern and SG 

filter method supported more compared to MA, GAP filling, Interpolation methods to generate the gap free time series 

data.  
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