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Abstract. Adoption of digital tools has led to relevant advancements in the agri-

cultural sector. In particular, precision agriculture techniques have shown effec-

tive applications in farming practices. Integrating multisource data is a crucial 

task for improving agricultural management, and in this context the reliable as-

sessment of crop yield by remote sensed imagery plays a relevant role. In this 

work, the correlation between satellite multispectral imagery and corn yield was 

investigated. Sentinel-2 satellite mission was selected as source of multispectral 

data, with 10-meter spatial resolution and 4-6 days revisit time. A corn field in 

Ferrara was considered as a case study, with the dataset consisting of 17 multi-

spectral images acquired in days with cloud coverage under 7%. The reference 

yield map was computed using CANbus data from a combine harvester, and its 

correlation with NDVI and GRVI indices was explored throughout the whole 

corn life cycle. In addition, the effect of applying a gaussian filter in the raster 

CY spatial distribution was explored. Results showed an overall good correlation 

between remotely sensed tiles and in-field farm data. The Pearson correlation 

coefficients showed a sharp increase during the vegetative stage of the crop (May 

and June), followed by a slowly decreasing plateau in July and August dates. 

Imagery from early June provided the highest correlations. The application of a 

gaussian filter in the CY map revealed an enhance in correlation of more than 

25%. These results pave the path to the development of machine learning based 

methods exploiting multi-band-multi-temporal data for CY estimation. 
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1 Introduction 

Effects of global warming, such as the increase in drought severity or the trend to-

wards warmer summers, together with the demands of a growing population, dictate 

huge challenges in the agricultural sector [1,2]. Farmers are pushed to increase the 

productivity and the efficiency of their practices [3], thus, becoming crop yield one of 

the essential features to assess [4]. 

In this context, automatic digitalization of field activities and Earth Observation Sys-

tems (EOS) represent key technologies, providing huge amounts of data with poten-

tially relevant information [5,6]. The recent improvement of capabilities in EOS (better 

resolutions and increased revisit times) has resulted in more opportunities to apply pre-

cision agriculture in crop monitoring and management [7]. The usage of CANbus log-

ger sensors installed into farm machinery, has shown to be an effective solution to col-

lect reliable ground data, rich of information [8,9]. Merging accurate real-world ground 

data and modern satellite imagery, suitable datasets can be obtained to be exploited by 

machine learning methods, with the final aim to estimates relevant crop parameters 

[10]. However, before applying complex tool on relevant amount of data, an investiga-

tion of the correlation between data acquired from different sources have to be per-

formed. A significant example of such approach is the assessment of the correlation 

between corn yield (CY) and remotely sensed multispectral imagery (SAT), which can 

lead to Machine Learning (ML) models able to predict crop yield in advance [11]. 

A crop of interest to which studies of this type should be focused is corn (Zea mays), 

a major cereal grain cultivated worldwide, that accounts for a production at European 

level around 56 million tons, corresponding to the 23% of the total cereal production in 

the region [12]. Corn represents a major summer cultivation, and its life cycle can be 

divided into vegetative and reproductive stages [13]. During the vegetative phase, the 

plant progress through leaf stages, and usually lasts around 60 days since its emergence. 

The reproductive phase follows, starting with silking and pollination, followed with 

kernel development. When kernels are filled to full capacity the maturity is reached. 

The reproductive phase extends for a period of approximately two months as well. Few 

studies have been published up to date on specific CY assessment/prediction using 

SAT, especially concerning regions in the south of Europe. 

At country level in the US, Kang et al [14] showed that the XGBoost model achieves 

reasonably good CY estimations, within 3-4 month prior to harvest. Another case-

study in Malawi, East Africa, tested PlanetScope and Senitnel-2 satellite imagery on 

CY prediction at farm-level [15], reaching however moderate estimates (R2 ~ 0.52). 

The state-of-the-art claims for a deeper understanding of the correlation between in-

field CY and SAT data, setting the basis to construct featured engineered datasets to be 

used by ML models to estimate CY. 

In this work, the correlation trends inferred between Sentinel-2 multispectral im-

agery and CY maps, derived by CANbus data is investigated. To this aim, the study 

explores different preprocessing steps to build up a coherent and representative dataset, 

so that each pixel of satellite imagery, with spectral data, has its respective local CY 

data. This investigation sets a basis to develop further studies aimed at robust and reli-

able CY estimation from SAT imagery, exploiting ML based models. 



 

2 Materials 

2.1 Study Area 

A corn field located in Emilia Romagna (44°41'46" N - 11°33'36" E, North Italy), at an 

altitude of approximately 30 m AMSL, with an extension of 9.3 ha, was selected as 

case study. The study considered the 2020 corn growing season, with field sowing at 

the beginning of April and harvesting in September. The environmental condition in 

the region during the considered period were characterized by an average rainfall of 

822 mm and an average temperature of 13.4°C in the region. 

 

2.2 Multispectral Satellite Imagery 

In this work, Sentinel-2 mission was chosen as source for the satellite multispectral 

imagery. Sentinel-2 presents a high spatial resolution (up to 10 meters) and a short re-

visit time (up to 2/3 days) [16], that together with its open-source platform makes it a 

valuable solution for accessible precision agriculture solutions. In addition, the spectral 

bands provided by the mission have proved to be effective in agricultural applications, 

due to being explicitly sensitive to changes in chlorophyll content and canopy structures 

[17]. 

For the case study field, a total of 17 multispectral tiles was downloaded from Co-

pernicus Open Access hub [18]. The acquired images date over all the 2020 corn sea-

son, from sowing until harvesting, and include only days with cloud coverage under 

7%. Each tile was georeferenced in the UTM/WGS84 projection and was composed of 

10 raw bands, located in a range including visible, red edge, near infrared and shortwave 

infrared wavelengths. In Fig.1, a graphical representation of the multispectral imagery 

of the considered field in the visible spectrum (Red, Green and Blu bands) is reported. 

 

2.3 Combine Harvester yield data 

A custom-made CANbus data-logger developed described in [19] was installed on a 

combine harvester New Holland CR7.90. This tractor is particularly rich in its embed-

ded sensors, which allows for comprehensive identification of the operating state. The 

data logger was set up to automatically record all CANbus messages anytime the ma-

chine was turned on, thus, the operators were not responsible for the recording process. 

For the purpose of this study, the signals of interest recorded by the logger were the 

vehicle Ground Speed (km/h) and the Crop Flow (kg/s), which are used, together with 

the cutter bars Work Width (mm), to compute the CY as defined by Eq. (1). 

CY = Crop Flow / (Ground Speed * Work Width) (1) 

Moreover, a GNSS (global navigation satellite system) receiver with an update rate of 

10 Hz was installed in the tractor to monitor its position (Latitude and Longitude). In 

Fig.1, the vectorial GNSS path of the combine harvester is represented, recorded during 

the harvesting task. The combine harvester was monitored, and the data recorded during 

the 9th and 10th of September 2020, when the harvest of the case study field took place. 



 

 

 

3 Methods 

3.1 Data pre-processing 

The information conveyed from the CANbus logger allowed computing the reference 

CY using Eq. (1). However, the vectorial format of the reference CY required a raster-

ization in order to make it compatible with the SAT imagery. For each pixel of the SAT 

dataset, a point-to-raster method was applied, in which the respective raster CY value 

was computed by averaging within the subset of vectorial data within each pixel area. 

The CY raster map resulting from this analysis (CYraw) consisted of a set of 1569 

pixels, being each pixel value paired with its respective spectral band values in the SAT 

tiles. A graphical representation of the CY raster map in false colour is reported in Fig. 

2b. 

 

Fig. 1. RGB visualization of the multispectral satellite imagery (11th August 2020) of the case 

study field, with the vectorial GNSS position of the combine harvester path during the harvesting 

tasks on top as a white line. 

3.2 Gaussian filter application 

A further step was considered to refine the CYraw map. The adopted rasterization 

method results in a spatial distribution presenting certain discontinuities, that might be 

mainly linked to GNSS sensor uncertainty [20]. Accuracy of yield mapping can be in-

creased by refining phases, e.g. by empirical likelihood probability weights [21]. In this 

work, a gaussian filter was used as spatially smoothing moment robust to outliers, to 

refine the CYraw map and enhance possible correlations with the spectral imagery from 

Sentinel-2. 

 

The filter was applied on the whole parcel data, and the resulting map (CYfilt) was 

considered parallelly to the original one (CYraw) for further correlation assessments. In 

Fig. 2c, a graphical representation of the CYraw map in false colour is reported. In ad-

dition, the frequency distributions of CY values of both the CY maps are displayed, 

together with the associated gaussian curve fits. 



 

 

Fig. 2. (a): Corn Yield distribution of the case study parcel, both before and after the gaussian 

filter application. The coloured lines correspond to the gaussian curve fits of the respective dis-

tributions. (b) and (c): Corn Yield raster map of the case study parcel before (b) and after (c) the 

gaussian filter application. 

3.3 Vegetation Index maps 

To explore the potential informative content provided by the spectral data, the NDVI 

and GRVI vegetation indices (VIs) were computed using the raw multispectral imagery. 

Those indices, selected on the base of state-of-the-art works on crop yield assessment 

[10,22], are defined in Eq. (2) and Eq. (3), respectively. 

NDVI = (NIR - RED) / (NIR + RED) (2) 

GRVI = (GREEN - RED) / (GREEN + RED) (3) 

nm). The GREEN band in Eq. (3) correspond to the band 3 (560 nm). The NDVI and 

GRVI maps was computed for all the available Sentinel-2 tiles. Of course, due to the 

definition of CYraw and CYfilt spatial distributions, each pixel of VIs maps has its re-

spective CY value. The correlation between the VIs maps and the CY was investigated 

computing the Pearson coefficient of determination (R2), and the NDVI-CYraw, NDVI-

CYfilt, GRVI -CYraw, and GRVI -CYfilt pairs have been considered. 

 

 

 



 

 

 

4 Results 

In Fig. 3a, the temporal evolution of the R2 between NDVI and CYraw/CYfilt is plotted 

for all dates available. Equivalently, Fig. 3b displays the same evolution for the case of 

the GRVI. 

 

 
 

Fig. 3. (a) Pearson Correlation Coefficient (R2) between NDVI maps and CYraw, (blue) and 

CYfilt (red) and (b) between GRVI maps and CYraw, (blue) and CYfilt (red). The sowing and har-

vesting stages are displayed as labelled grey areas. 

 

The results showed how the values of R2 vary significantly depending on the specific 

moment of the corn life cycle in which Sentinel-2 tiles were acquired. A general trend 

is observed both for NDVI and GRVI indices: during the first weeks after sowing, R2 

remains low (from -0.2 to -0.4 for NDVI and from -0.2 to 0 for GRVI). After approxi-

mately one and a half month after sowing (a bit earlier for the GRVI index), the R2
 

values present a sudden and marked positive increase, very sharp in the case of the 

NDVI and slightly more progressive for the GRVI. Such an increase reaches its maxi-

mum in mid-June dates, coinciding with the conclusion of the vegetative period of the 

crop, with R2
 values up to 0.67. The Pearson correlation coefficients remain in a plat-

eau-like shape over the beginning of July, followed by a progressive decrease during 

August and September. Nevertheless, R2
 values remain positive on these dates. Finally, 

a marked decrease in R2
 values is observed after the harvesting, returning to values 

equivalent to the standards observed in the sowing phase. This trend is similar to those 

described in other works [9, 12] and suggests the idea that before emergence of the 

plant, the spectral response is ground-like and does not provide relevant information to 

link with CY. However, after emergence and during the vegetative period, the corn 

canopy presents a spectral response consistent with its vigour and, in this study, this 

crop characteristic showed a good correlation with the obtained local yield. During the 

reproductive phase (July, August and September), the canopy size remains constant and 

the plants gradually dry, resulting in a spectral response less correlated with the CY. 

 

 

 



 

The CY filtering phase was found to lead to positive effect on the relation between 

SAT data e crop yield: the Pearson correlation coefficient was found to be increased, 

considering both NDVI and GRVI indices. More in details, in the case of NDVI, the 

correlation with was, on average, about 25% higher when considering the filtered CYfilt 

distribution, while for the case of the GRVI, the average increment was up to 34%. This 

result justifies the usage of spatial filtering of CANbus derived data and presents the 

gaussian filter as a proper candidate for what concerns the presented specific applica-

tion. 

5 Conclusions 

The presented work propose a procedure to jointly exploit CANbus ground truth corn 

yield data and multispectral imagery from Sentinel-2 mission. A rasterization method 

is introduced to make the multisource data compatible, and a filtering phase using a 

gaussian filter is applied to enhance yield mapping accuracy. NDVI and GRVI indices, 

computed from the raw satellite spectral data, have shown a good correlation with CY 

during the months corresponding to the vegetative period of the crop. Such correlation 

has been further increased by considering the filtered yield data. 

This work sets a basis to obtain suitable multi-source datasets, that might be used as 

inputs for ML models, with the final aim to accurately estimate corn yield. In addition, 

the observed trends infer the possibility to predict corn yield even several weeks in 

advance to harvest period, which could translate to a relevant tool for farm management 

decisions. 
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