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Abstract  

Grain yield and quality assessment based on remote sensing throughout the growth cycle 

may contribute to achieve efficient and sustainable wheat production. A trial was 

conducted to test the suitability of a multispectral sensor onboard an unmanned aerial 

vehicle (UAV) to estimate yield, protein content, and nitrogen (N) output in winter wheat 

(Triticum aestivum L.). Furthermore, a method to improve predictions of wheat traits was 

proposed by sequentially removing soil pixels from the distribution of vegetation index 

(VI) values.  

The experimental area, located at Aranjuez (Madrid, Spain), was divided into four sectors 

with 133 plots in total. Different N doses were applied to the plots to create high 

experimental intravariability. In each plot, wheat traits were measured at harvest. An 

(UAV) was flown at growth stages (GS) – GS32, GS39, and GS65 – to ensure correct 

monitoring of the crop. Four VIs, Normalized Difference Vegetation Index (NDVI), 

Modified Soil Vegetation Index (MSAVI), Normalized Difference Red Edge Index 

(NDRE) and Blue-Red Index (BRI1) were selected based on the sensor spectral 

information and their suitability for estimating wheat traits. A sequential cutting method 

(threshold value optimization, TVO) was implemented to remove soil background pixels, 

based on threshold values computed from the VIs distributions. Then, the predictive 

performance of the VIs in each segmentation was evaluated.  

Our results indicated that NDVI, MSAVI, and NDRE were able to predict the wheat traits 

using sensors onboard a UAV. We proposed optimal thresholds ranging from 0.1 to 0.3 

depending on the VI and the wheat trait. The TVO method showed an improvement in 

yield and N output estimation at the stem elongation growth stage (GS32). However, the 

TVO method achieve a limited improvement in estimating protein content at anthesis 

(GS65). Overall, our results suggest (a) that soil background reflectance is an essential 

element of UAV imagery that introduces uncertainty in the estimation of grain yield and 

quality based on VIs, and (b) that TVO may mitigate the soil effect.  

Keywords: Wheat monitoring, Yield, Protein content, Vegetation indices, Background 

soil influence. 
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1. Introduction 

Due to the global rise in food demand, it is essential to increase cereal productivity and 

quality (Ravier et al., 2017). In particular, winter wheat requires adequate nitrogen (N) 

fertilization and management to maximize yield and obtain the targeted grain quality (Xue 

et al., 2007). However, the misapplication of N fertilizers is a frequent problem in high-

input systems, which contributes to water and atmospheric pollution (Gabriel et al., 2016; 

Galloway et al., 2008). Therefore, it is necessary to improve agricultural system 

management to achieve high efficiency of N use and to limit N losses to the environment 

(Quemada and Gabriel, 2016; Tarquis et al., 2017). 

Optimal fertilization of crops requires systematic monitoring of the N status throughout 

the growing stages (Feng et al., 2016). On a field scale, data collection with manual labor 

is often arduous, involving destructive sampling (De Castro et al., 2021; Ramirez-Garcia 

et al., 2012), and is too time-consuming and expensive for rapid and precise biomass and 

N status estimations (Potgieter et al., 2017; Yang et al., 2020). Consequently, it is 

essential to research rapid and nondestructive measurements of wheat traits at large 

spatial and time scales. 

Remote sensing offers real-time monitoring of the N status of wheat (Orlando et al., 2015; 

Řezník et al., 2020), enabling the collection of important data for decision-making 

processes. Nitrogen application based on sensors has been reported to provide N fertilizer 

savings between 5-45% without significant grain yield losses in cereals (Colaço and 

Bramley, 2018). Among the most recent approaches, sensors onboard unmanned aerial 

vehicles (UAVs) or drones have shown high efficiency in tracking and assessing 

vegetation status. Their main advantages include the capability to fly at low altitudes 

providing ultra-high spatial resolution imagery, great flexibility to schedule flights in the 

critical stages of crop growth, and the opportunity to operate various sensors to acquire 

different ranges of the electromagnetic spectrum (visible, infrared, thermal) (Del Cerro et 

al., 2021).  

Additionally, remote-sensing techniques open up multiple lines of research in the 

estimation of wheat yield and in the detection of N status (Cao et al., 2015; Rodriguez-

Moreno et al., 2016; Zhu et al., 2018). Among them, multispectral image spectroscopy 

calculates spectral vegetation indices (VIs) as a feasible tool for crop monitoring. The 

Normalized Difference Vegetation Index (NDVI) correlates closely with wheat cover and 
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biomass growth (Benedetti and Rossini, 1993; Rouse J. et al., 1974). Therefore, it can be 

used to support decision-making processes, such as variable-rate N fertilization (Argento 

et al., 2021; Sanz et al., 2021; Tremblay et al., 2009) and grain yield estimation (R. Liu 

et al., 2022; Magney et al., 2016). The Modified Soil-Adjusted Vegetation Index 

(MSAVI) belongs to a group of soil-adjusted VIs proposed to minimize the effect of soil 

background on low-vegetation-cover imagery by using a soil factor (Huete, 1988; Qi et 

al., 1994). The Normalized Difference Red–Edge index (NDRE) (Barnes et al., 2000) 

includes the red-edge spectral region (690–730 nm) in its formulation. Several studies 

(Jiang et al., 2021; Marszalek et al., 2022; Raya-Sereno et al., 2021) support that the red-

edge channel is more sensitive to chlorophyll content. The Blue–Red (BRI1) ratio is 

sensitive to changes or disturbances in the photosynthetic apparatus (Li et al., 2014; 

Lichtenthaler et al., 1996; Zarco‐Tejada et al., 2005a), enabling the identification of early 

stress in plants. The red–green–blue ratio (RGB) indices are worth mentioning because 

they can be calculated from simple (RGB) sensors (Casadesús and Villegas, 2014). 

Overall, VIs encompass a wide variety of applications, but it is necessary to account for 

their limitations, such as VI saturation (Zarco‐Tejada et al., 2005b), bare soil influence 

(Huete et al., 1985; Ren et al., 2018), and atmospheric noise (Hui and Huete, 1995; 

Pancorbo et al., 2021b). 

The reflectance of the background soil has a considerable impact on VIs (Almeida-

Ñauñay et al., 2022), particularly on the VIs based on the red band (i.e., NDVI) in early 

growth stages (Dyson et al., 2019). The reduction of this soil effect continues to be a 

challenge in estimating grain yield and quality (Duan et al., 2017; Mulla, 2013), and thus 

numerous techniques have been implemented to distinguish and mitigate the background 

effect. The object-based image analysis (OBIA) method reduces intraclass spectral 

variability by grouping homogeneous and contiguous vegetation pixels (Torres-Sánchez 

et al., 2015; Zarco-Tejada et al., 2019). The OBIA reduces the spectral variability 

efficiently. However, the main inconvenience is to set correctly the segmentation 

parameters for the varying sized, shaped, and spatially distributed image-objects 

composing the image Machine-learning classification methods use supervised and 

unsupervised algorithms such as neural networks and support vector machines (SVM) to 

identify vegetation pixels (Dyson et al., 2019; X. Zhou et al., 2021). However, depending 

on the algorithm, several challenges should be faced on, such as: time-consuming 

processes (computational time and model training), the incomplete detection or 



4 
 

insensitivity to similar targets and the highly dependence on the training data set 

reliability (Zhang et al., 2020). One of the most accepted methods for agricultural 

purposes is the threshold calculation based on the Otsu methodology (Guijarro et al., 

2011; Otsu, 1979; Torres-Sánchez et al., 2015). It considers that the image contains two 

classes of pixels (bare soil and vegetation) and calculates the optimum threshold based 

on minimizing the intraclass variance. In this line, classification indices, such as the 

excess green VI or the excess red VI, are used for the distinction between soil and 

vegetation needing to fix a threshold for the final segmentation. In general, thresholding 

values methodologies are appreciated due to its simplicity in the implementation (Zhu et 

al., 2018). However, it is necessary to further develop an accurate vegetation 

segmentation to find the optimal VI threshold value that sets the breaking point between 

vegetation and bare soil.  

This work introduces an approach to reduce soil background influence and to enhance the 

reliability of high-resolution images for wheat monitoring. We computed an iterative 

threshold process with percentile-based VI values to get the optimal vegetation and non-

vegetation pixel threshold. We then evaluated the predictive performance of the VIs in 

each segmentation by quantifying the coefficient of determination (R2) and the root mean 

square error (RMSE). Our primary objectives were (1) to analyze the performance of each 

VI related to wheat traits, (2) to determine an optimal threshold value in each case, and 

(3) to calculate and evaluate the method to reduce soil noise in UAV imagery.  

2. Materials and Methods 

2.1 Study area and experimental design 

The study was conducted at the La Chimenea farm station (40º 04 ′ N, 03º 32′ W, 550 

m.a.s.l.), near Aranjuez (Madrid, Spain), throughout the wheat growing season of 2019. 

The study site was uniform, with a slope lower than 1%. According to the World reference 

base for soil resources (2014), the soil is classified as Haplic Calcisol, with a medium 

organic matter content (topsoil organic C 1.01 g kg-1), a pH of approximately 8.1, and a 

silty clay loam texture with low stone content. The mean annual temperature is 14.2 ° C 

with an average rainfall of 373 mm. According to the Koppen classification, the area was 

classified as semi-arid cold (Bsk). 
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Figure 1. Location of the trial and sectors (S1, S2, S3, S4) over a normalized difference vegetation index 

(NDVI) map retrieved from the UAV platform during stem elongation in 2019. The 133 plots monitored in 

each flight are shown. Coordinate system: ETRS89 / UTM zone 30N (EPSG: 25830)  

Four different previous experiments involving 133 plots randomly assigned to different 

N and water doses conducted in a field with circular pivot (220 m in radius) (Fig. 1) were 

used in the current optimization work. Each plot was georeferenced with the real-time 

kinematic (RTK) technique based on the National Geodetic Network of Reference 

Stations GNSS (ERGNSS), using the stable Aranjuez (Madrid) and Sonseca (Toledo) 

stations, with a Topcon HiPer Pro receptor® (Topcon Singapore Holdings Pte. Ltd., 

Singapore).  

All plots used in this trial were obtained from different experiments fully explained in the 

works of Pancorbo et al. (2021a) and Raya-Sereno et al. (2022). Each experiment, referred 

to in this study as “sector,” was designed with a varying dose of fertilization and 

irrigation. Thus, the primary purpose behind the design of this work (Table 1) was to 

maximize the intravariability of the study area. All plots were sown on the same date 

(15 November 2018) with the same winter wheat cultivar (Triticum aestivum L. cv. 

Nogal) at a rate of 220 kg seeds ha-1. Nitrogen fertilization was hand-broadcasted with 

ammonium sulphate nitrate (ASN, 26% N) in two applications: half at the beginning of 



6 
 

tillering (GS22) and half at stem elongation (GS35). Phosphate and potassium were 

applied to all plots to ensure no wheat deficiency based on the soil analysis results. 

Sector S1 was composed of 16 plots (8 m × 10.5 m) that were fertilized with different 

nitrification inhibitor treatments in 2018. The following year (2019), each plot was 

subdivided into three subplots that received different fertilizer doses, giving a total of 48 

plots (3.5 m × 8 m). The N doses established were 0, 150, and 190 kg N ha-1. Sector S2 

was made up of 16 plots (25 m × 25 m). In the previous year (2018), they were also 

cultivated with wheat that received 0, 50, 100, and 150 kg N ha-1. In 2019, the plots did 

not receive any fertilization treatment; therefore, all were considered control plots. Sector 

S3 was composed of 16 plots (25 m × 25 m) cultivated with wheat in 2018 and that 

received the same N doses as sector S2. In 2019, each plot was subdivided into three 

subplots that received 50 kg N ha-1, 90 kg N ha-1, or no N fertilizer. Therefore, the total 

number of plots in this sector (8.3 m × 8.3 m) was 48. Finally, in sector S4 there were 32 

plots (22 m × 22 m) that were distributed into four different N levels: 0, 42, 93, and 142 

kg N ha-1. From the total of 144 plots, 133 plots were finally used in this optimization 

work. 

Additionally, to evaluate the effect of water availability, two water levels were considered 

in the experiment. Sector S1 and half of the plots of sector S4 were irrigated during spring 

using a center-pivot system; whereas sector S2 and S3 did not receive irrigation. More 

details on the irrigation in sector S1 and S4 can be found in Pancorbo et al. (2021a) and 

Raya-Sereno et al. (2022).  
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Table 1. Summary of the sectors. Number and size of plots, fertilization and irrigation treatments. 

Sector Number and 
size of plots  

Fertilization 
(2018) 

Fertilization 
(2019) Irrigation 

S1 46 plots 
(3.5 m × 8 m) No 

N0 (0 kg N ha-1), 
N1 (150 kg N ha-1), 
N2 (190 kg N ha-1) 

Yes 

S2 16 plots 
(25 m × 25 m) 

N0 (0 kg N ha-1), 
N1 (50 kg N ha-1), 
N2 (100 kg N ha-1) 

No No 

S3 42 plots 
(8.3 m × 8.3 m) No 

N0 (0 kg N ha-1), 
N1 (50 kg N ha-1), 
N2 (90 kg N ha-1) 

No 

S4 29 plots 
(22 m × 22 m) No 

N0 (0 kg N ha-1), 
N1 (42 kg N ha-1), 
N2 (93 kg N ha-1), 
N3 (142 kg N ha-1) 

Yes (16 plots) 
No (13 plots) 

2.2 Wheat trait measurements  

All plots were harvested on the same date (15 July 2019) and the wheat traits were 

measured following the same procedure. An experimental combiner registered wheat 

yield by harvesting a central 1.4-m-wide strip and leaving a 1-m buffer at the beginning 

and end of each plot. The grain N concentration was determined using the Dumas 

combustion method (LECO FP-428 analyzer, St. Joseph, MI, USA) and then transformed 

into grain protein content by multiplying N concentration 6.25 times (Kruger, 2009). 

Finally, the N output (kg N ha−1) was calculated as the product of the grain yield (kg ha−1) 

and the grain N concentration (% N). Further information about the laboratory and field 

measurements can be found in Pancorbo et al. (2021a) and Raya-Sereno et al. (2022). 

2.3 Imagery acquisition and post-processing 

Multispectral imagery was acquired on three dates, corresponding to the different growth 

stages of wheat: beginning of stem elongation (GS32, 11 March 2019), final stem 

elongation (GS39, 12 April 2019), and flowering (GS65, 13 May 2019). All the images 

were taken close to solar noon local time (GMT+1). Surface reflectance was collected 

with an UAV M-600 PRO (Shenzhen, China), a six-rotor flying platform capable of 

following a pre-designed track. The flight was carried out by optimizing the UAV 

trajectory in parallel with an automatic pilot function according to the planned project, 

using a ground sampling distance (GSD) of 4.65 cm/px. The drone hexacopter used the 

dual-frequency GPS system A3 Pro and a Romin-MX stabilizer for the cameras with an 

inertial system for positioning the photo-centers.  
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The UAV was equipped with a Micro-MCA multispectral sensor, Tetracam Inc. 

(Shenzhen and Chatsworth, CA, USA), a configurable camera matrix from 5.2 to 15.6 MP 

of six multispectral channels; the sensor systems installed are 1.3 MP CMOS sensors. 

The camera had six independent image sensors that captured narrow wavelength bands 

centered at blue (490 nm), green (550 nm), red (671 nm), red edge (700 nm), far red (760 

nm), and near infrared (NIR; 800 nm) with a bandwidth of 10.0 ±2 nm. Reflectance was 

calibrated by an incident light sensor (ILS) integrated with the camera, which corrected 

the incident radiation for each shot in each band during the multispectral survey. The 

result of each shot was a high-resolution multispectral image composed of six reflectance 

channels: (490 nm), (550 nm), red (671 nm), red edge (700 nm), far red (760 nm), and 

NIR (800 nm). These images were processed with the Tetracam PixelWrench2 software 

(Chatsworth, CA, USA), which aligned the image and released a multi-frame and single 

TIF image file. 

The images were processed with PixelWrench2 for correction and calibration, and then 

Agisoft PhotoScan (St. Petersburg, Russia) was used to make the orthomosaic image of 

the entire plot. The ortho-image and R statistical software (version 4.0.3; R Core Team, 

2021) were used to extract and calculate VIs (Table 2) from the different experimental 

plots and to perform statistical analysis. 

Table 2. Selected vegetation indices used in this study and their reference. 

Index Equation Reference 

Normalized difference 
vegetation index (NDVI)1 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 =

NIR (860 nm) −  𝑅𝑅𝑅𝑅𝑁𝑁(660 nm)
NIR (860 nm) +  𝑅𝑅𝑅𝑅𝑁𝑁(660 nm)  

(Rouse J. et al., 
1974) 

Modified soil vegetation 
index (MSAVI)1,2 𝑀𝑀𝑀𝑀𝑀𝑀𝑁𝑁𝑁𝑁 =

NIR (860 nm) −  𝑅𝑅𝑅𝑅𝑁𝑁(660 nm)
NIR (860 nm) +  𝑅𝑅𝑅𝑅𝑁𝑁(660 nm) + 𝐿𝐿𝐿𝐿 ∗ (1 + 𝐿𝐿𝐿𝐿) (Qi et al., 1994) 

Normalized difference 
red-edge index (NDRE)1 𝑁𝑁𝑁𝑁𝑅𝑅𝑅𝑅 =

NIR (860 nm) −  𝑅𝑅𝑅𝑅𝑁𝑁𝑅𝑅𝑁𝑁(700 nm)
NIR (860 nm) +  𝑅𝑅𝑅𝑅𝑁𝑁𝑅𝑅𝑁𝑁(700 nm)  

(Barnes et al., 
2000) 

Blue–red index (BRI1)1 𝐵𝐵𝑅𝑅𝑁𝑁1 =
BLUE(490 nm)
𝑅𝑅𝑅𝑅𝑁𝑁(660 nm)  

(Zarco-Tejada et 
al., 2005a) 

1,NIR is the near-infrared reflectance (860 nm), RED is the red reflectance (660 nm), REDED is the red-
edge reflectance (770 nm), BLUE is the blue reflectance (490 nm). 2 Lm is a value obtained from the method 
proposed by Xu and Guo (2013) with the trial data.  

2.4 Threshold value optimization (TVO) method 

As a preliminary analysis, we estimated the histograms of the VI distribution in GS32. 

The main objective was to detect anomalies in the distribution of VIs and to identify the 

potential VIs that can be optimized using the segmentation method.  
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The main idea behind TVO was to optimize the removal of the soil background effect 

based on the VI distribution. We established percentile probabilities from 0% to 100% 

with an interval of 5%, as smaller increments did not decrease the RMSE and increased 

the computational time. We then estimated the percentile value (xi) of the VI distribution 

in each plot of the experiment with the following formula (Eq. 1): 

𝑥𝑥𝑖𝑖 =
𝑣𝑣𝑣𝑣 ∗ 𝑖𝑖
100

 (1) 

where 𝑣𝑣𝑣𝑣 are the VI values ordered from minimum to maximum, and i is the percentile 

probability. Then, the minimum xi of all plots was selected as the threshold value Tv. We 

computed an iterative process using all the percentile probabilities to obtain a list of 

threshold values (sequentially 𝑇𝑇𝑣𝑣1,𝑇𝑇𝑣𝑣2 … 𝑇𝑇𝑣𝑣𝑣𝑣). The data are presented in Table 1, Table 

2, and Table 3 of the Appendix. 

A single Tv of the list was used to segment the VI distribution of the plots. Once 

segmented, a linear regression was performed between the median values of each plot 

and the measurements of the wheat traits. The method was repeated with each Tv of the 

list to obtain the optimal threshold (Topt), where the coefficient of determination (R2) is 

maximized and the RMSE (Eq. 2) is minimized.  

𝑅𝑅𝑀𝑀𝑀𝑀𝑅𝑅 =  �
1
𝑛𝑛

 𝑥𝑥�(𝑃𝑃𝑖𝑖 − 𝑂𝑂𝑖𝑖)2
𝑣𝑣

𝑖𝑖=1

 (2) 

Pi and Oi are the predicted value and the measured value, respectively, and n is the number 

of samples. The main objective of the analysis was to compare the predictive performance 

of each VI segmentation and to obtain the Topt. The same analysis was repeated with all 

VIs, wheat traits, and flights to compare and evaluate the best correlated VI for each flight 

and its corresponding wheat trait. 

3. Results 

3.1 Raw data and histogram analysis 

We observed great intravariability in the results of the different experiments (Fig. 2). 

There was not a well-defined relationship between yield and protein content. On the one 

hand, we found that S2, composed of control plots without fertilization, achieved the 

lowest yield values (2000–3500 kg ha-1) and protein content (100–120 g kg-1). On the 

other hand, S1, S2, and S4 achieved a high yield variability (1100–5000 kg ha-1) 
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depending on the N treatments. The same was observed in the protein content that ranged 

from 100 to 180 g kg-1.  

 
Figure 2. Trial raw data exploration. The x axis represents the wheat yield (kg ha-1) and the y axis represents 
the wheat protein content (g kg-1). Each color represents a sector from Figure 1.  

The VIs distribution showed tails at the lowest values, probably due to the presence of 

soil in the image (Fig. 3). NDVI and NDRE were the VIs with the most extended tails. 

On the contrary, MSAVI showed a shorter tail, probably because the MSAVI considered 

a correction factor to mitigate the soil background reflectance effect. 
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Figure 3. Histograms of vegetation indices. The y axis represents the percentage of pixels in GS32 (11 
March). The letters represent each of the vegetation indices used in the study: (A) NDVI, (B) MSAVI, (C) 
NDRE, and (D) BRI1. 

3.2 TVO performance 

When increasing the number of segmentations, the linear regression between grain yield 

and the VIs showed a clear trend of increasing R2 and decreasing RMSE (Fig. 4). These 

figures suggest that NDVI was an appropriate yield estimator, achieving an RMSE as low 

as 578 kg ha-1 after segmentation (Fig. 4A). MSAVI, which includes a soil adjustment 

factor, achieved higher determination coefficients and lower RMSE than NDVI and was 

less sensitive to the segmentation (less difference between R2 and RMSE before and after 

the segmentation) (Fig. 4B). NDRE was the best yield indicator as it obtained the highest 

R2 and the lowest RMSE, probably due to the addition of the red-edge channel. The 

segmentation improved the NDRE prediction, reducing the RMSE from 459 to 427 kg 

ha-1 (Fig. 4C). When comparing all VIs, the R2 for BRI1 was the lowest and RMSE was 

the highest; both statistics were improved by the segmentation (Fig. 4D).  
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Figure 4. Coefficient of determination (R2) and root mean square error (RMSE) obtained from the linear 
regression between vegetation indices and yield in each segmentation at GS32: A (NDVI), B (MSAVI), C 
(NDRE), D (BRI1). The box labels are the optimal VI threshold value. The x and y axes of D are different 
for graphical purposes. 

With respect to Topt, the values for yield estimation were between 0.15 and 0.34, 

depending on the VI studied (Fig. 4). Application of TVO to the acquired images allowed 

identification of pixels with relevant soil exposure. 

Overall, plots that received higher N-fertilizer rates had more crop coverage and less soil 

was exposed (Fig. 5).   
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A

 

B

 
Figure 5. Application of TVO to the image. A) RGB image acquired at GS39. B) Binarized NDVI image 
(Threshold value: 0.23). Black dots are soil. No nitrogen fertilizer was applied to N0, 50 kg N/ha to N1, 
and 90 kg N/ha to N2 treatments. 

By contrast, there was no evidence that the TVO method improved the estimation of 

protein content (Fig. 6). In this case, the plots represent the performance of VIs at 

flowering (GS65). The NDVI, MSAVI, and NDRE charts showed a flat trend in both R2 

and RMSE. The R2 (≈0.60) and RMSE (≈16 g kg-1) values attained for NDVI, MSAVI, 

and NDRE were similar (Fig. 6A, B, and C). The MSE attained was 11.8%, with the 

average protein content of all plots being 135 g kg-1 (13.5% protein content). The R2 and 

RMSE achieved by using BRI1 as an indicator of protein content was inferior to the rest 

of the VIs, and even worsen with the segmentation. The Topt for the protein content varied 

between 0.1 and 0.21, but it was less relevant because the TVO performance was poor.
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Figure 6. Coefficient of determination (R2) and root mean square error (RMSE) obtained from linear 
regression between vegetation indices and protein content in each segmentation at GS65: A (NDVI), B 
(MSAVI), C (NDRE), D (BRI1). Box labels are the optimum VI threshold value. 

The N output is the joint response of yield and protein content; for this reason, the values 

tend to be a combination of these elements. The TVO method improved the R2 and RMSE 

measurements in the cases of NDVI, MSAVI, and NDRE (Fig. 7A, 7B, 7C). In the case 

of BRI1 (Fig. 7D), TVO did not achieve a considerable performance. With respect to Topt, 

it ranged from 0.15 to 0.31 depending on the VI employed. 
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Figure 7. Coefficient of determination (R2) and root mean square error (RMSE) obtained from linear 
regression between vegetation indices and nitrogen output in each segmentation at GS39: A (NDVI), B 
(MSAVI), C (NDRE), D (BRI1). Box labels are the optimum VI threshold value. 

3.3 Pre- and post-segmentation analysis 

There was a clear relationship between VIs and yield at GS32 and GS39 (Table 3). This 

relationship tended to be stronger when the crop had reached its maximum concentration 

of photosynthetic pigments and chlorophyll content (GS39) in the case of NDVI and 

BRI1. However, MSAVI and NDRE, achieved their best performance in GS32. 

Regarding protein content, the increase in R2 was gradual, and the highest value was 

achieved at GS65. These results may be due to the date of the flight and crop growth.  

With respect to N output, we observed the highest R2 values in GS39, because the 

estimation based on the product of the variables involved in the calculation, whether yield 

or protein content, surpassed the estimation based on the individual variables.  
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Table 3. Coefficient of determination (R2) between vegetation indices (NDVI, MSAVI, NDRE, and BRI1), 
protein content, and nitrogen output before (pre-segmentation) and after (post-segmentation) the 
segmentation methodology. GS32, GS39, and GS65 represent the winter wheat growth stages. 

 
Vegetation index Yield Protein content Nitrogen output 

 GS32 GS39 GS65 GS32 GS39 GS65 GS32 GS39 GS65 
Pre-segmentation 

NDVI 0.50 0.58 0.22 0.03 0.22 0.59 0.42 0.75 0.61 
MSAVI 0.56 0.52 0.17 0.05 0.24 0.62 0.50 0.71 0.56 
NDRE 0.68 0.51 0.21 0.05 0.28 0.61 0.60 0.75 0.62 
BRI1 0.23 0.38 0.11 0.00 0.18 0.45 0.17 0.51 0.41 

Post-segmentation 
NDVI 0.54 0.58 0.22 0.03 0.23 0.60 0.46 0.76 0.63 

MSAVI 0.58 0.52 0.17 0.05 0.29 0.63 0.51 0.74 0.57 
NDRE 0.72 0.51 0.21 0.06 0.29 0.61 0.64 0.76 0.63 
BRI1 0.26 0.43 0.11 0.04 0.20 0.45 0.17 0.58 0.41 

The post-segmentation results (Table 3) showed modest improvements between the pre- 

and post-TVO methodology. In most yield cases, R2 was improved, especially in GS32 

when the highest value was achieved in NDRE (0.72). We did not find an improvement 

in the case of protein content, except for GS39. We observed a moderate increase in R2 

value for N output (0.74-0.76), particularly in GS39. The VIs showed a similar 

optimization. Among them, BRI1 was the most improved index, suggesting that ratio 

indices could be enhanced by the TVO method. However, their R2 values were lower than 

those of the rest of the VIs. 

We observed an improvement in RMSE through TVO, as shown in Table 4. This 

improvement was remarkable in the yield and N output assessment, especially in GS32. 

On the contrary, the RMSE of the protein content was only slightly improved by the TVO 

method.  
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Table 4. Root mean square error (RMSE) between vegetation indices (NDVI, MSAVI, NDRE, 
and BRI1), protein content, and nitrogen output before (pre-segmentation) and after (post-
segmentation) the segmentation methodology. GS32, GS39, and GS65 represent the winter wheat 
growth stages. 

Vegetation index Yield (kg ha-1) Protein content (g kg-1) Nitrogen output (kg ha-1) 
 GS32 GS39 GS65 GS32 GS39 GS65 GS32 GS39 GS65 

Pre-segmentation 
NDVI 578.00 527.19 721.40 25.8 23.2 16.7 17.21 11.30 14.00 

MSAVI 538.52 564.31 740.16 25.6 22.8 16.2 15.98 12.06 14.89 
NDRE 459.39 570.20 724.32 25.5 22.2 16.4 14.23 11.24 13.90 
BRI1 714.81 641.29 767.93 26.1 23.8 19.4 20.56 15.70 17.30 

Post-segmentation 
NDVI 551.65 526.44 720.86 25.7 23 16.6 16.53 10.95 13.74 

MSAVI 528.69 564.11 740.16 25.5 22.1 16 15.72 11.51 14.80 
NDRE 427.99 570.06 722.88 25.4 22 16.3 13.49 11.12 13.71 
BRI1 700.02 613.67 767.93 25.7 23.4 19.4 20.56 14.52 17.30 

3.4 Sector analysis 

We observed an improvement in the linear regressions obtained by the TVO method 

(Figs. 8 and 9), their equations, and the relative importance of each sector to the total of 

the point cloud. We detected an effect of the optimization process, in that it helped to 

reduce the dispersion of the point cloud (Figs. 8A and 9A; Figs. 8E and 9E) 

 
Figure 8. NDVI with yield (A, B, C), MSAVI with protein content (D, E, F), and NDRE with nitrogen 
output yield (G, H, I) linear regressions. Each column represents a different GS (first column, GS32; second 
column, GS39; third column, GS65). Each color represents the different sectors in the trial.  
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Figure 9. NDVI with yield (A, B, C), MSAVI with protein content (D, E, F), and NDRE with nitrogen 
output yield (G, H, I) optimized linear regressions. Each column represents a different GS (first column, 
GS32; second column, GS39; third column, GS65). Each color represents the different sectors in the trial. 

The highest values for yield were achieved in sector S4. At the same time, there was 

saturation of the NDVI in the yield estimation, especially at GS39 (Fig. 8B). The results 

revealed that the prediction of protein content improved over time. At GS32 (Fig. 8D) 

and GS39 (Fig. 8E), the MSAVI values were highly dispersed and corresponded to 

multiple protein content, especially in sector S3. At GS65, there was a well-defined 

relationship between protein content and MSAVI (Fig. 8F). Regarding the N output, the 

maximum R2 value was achieved at the peak of the vegetation cycle (GS39) (Fig. 8H). 

Overall, the TVO methodology might be considered a pre-treatment data curation tool for 

estimating yield and N output in earlier growth stages (GS32).  

4. Discussion 

Previous research conducted in the same experimental field showed that VIs were a 

feasible tool to monitoring N content. Raya-Sereno et al. (2022) observed that NDVI, 

NDRE and BRI achieved R2 value ranging from 0.76 to 0.8 when assessing grain yield 

using VIs and nitrogen nutrition index in the experiment from S1. In comparison, the 

values reported in this work are lower. However, it is important to note that the work 

presented in the current study includes the experiments from the other sectors, involving 
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water application as an additional factor and the water × N interaction. Furthermore, the 

sensors used in Raya-Sereno et al. (2022) were highly sophisticated, involving hyper-

spectral airborne image acquisition with a very high-spatial resolution. High spectral and 

spatial resolution equipment is expensive and rarely available beyond experimental fields, 

therefore techniques that enhance reliability of accessible UAV imagery is needed. 

A large body of scientific literature discusses the effect of soil reflectance background 

when monitoring areas with partial vegetation coverage (Dyson et al., 2019; Li et al., 

2021; Qiao et al., 2022). In this study we showed that TVO may contribute toward 

reducing the soil effect on remote-sensing indices and improve crop monitoring, 

particularly in early growth stages. In our preliminary analysis, we observed that specific 

pixels are grouped as a tail in the lowest values of the VI distribution. The results agree 

with Qiao et al. (2020), even if our VI values did not display a distinct bi-modal 

distribution (soil and vegetation) , the pixels with relevant soil exposure had VI values on 

the lowest side of the distribution. 

From a mathematical and probabilistic point of view, Topt has been defined by optimizing 

functions and statistical models such as those by Duan et al. (2017) and Zhang et al. 

(2019) to remove the effect of the soil background. In agreement with the results of Fu et 

al. (2020), by thresholding the VI distribution, the R2 and the RMSE improved in the 

present study. Our results also support the work of Cheng et al. (2008), which suggests 

that an NDVI value lower than 0.22 is probably soil or non-photosynthetic material in 

high-resolution imagery. In line with this, Campos et al. (2019) proposed a value of 0.3 

at the beginning of biomass accumulation and 0.4 at the end of biomass accumulation or 

grain maturity. To our knowledge, there is no literature on threshold optimization in 

MSAVI, NDRE, or BRI1. It is important to note that MSAVI includes a soil adjustment 

factor in the index, which is constant, variable, and even negative (Huete, 1988; Qi et al., 

1994; Ren et al., 2018; Xu and Guo, 2013). All these methodologies are mainly focused 

on the NIR–RED relationship and the soil line concept that defines the limits between the 

soil and the vegetation in the image.  

The TVO method improved yield prediction during the early stages of crop growth 

(GS32) in our study. Similar conclusions were drawn by Prey et al. (2018), who showed 

that the best time frame to minimize the influence of the soil background is when the 

wheat cover is still not fully developed. In our case, MSAVI and NDRE yielded better 

results than NDVI. The results agree with the findings reported by Liaqat et al. (2017) 
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and Xie et al. (2016), showing a higher performance of MSAVI compared to NDVI in 

semi-arid and low-leaf-surface areas. This fact might be due to the inclusion of a 

correction factor in the MSAVI formula. In our case, NDRE is a better yield estimator 

than NDVI. The inherent concept of NDRE explains this fact, since it is an index 

specialized in the estimation of green biomass and chlorophyll content (Argento et al., 

2021; Magney et al., 2017; Yang et al., 2020). As multiple authors have reported, the 

inclusion of the red-edge channel improves the VI sensitivity to green pigments and their 

photosynthetic activity (Clevers et al., 2002; Dong et al., 2020; Li et al., 2021). We 

believe that the outperformance of MSAVI in GS32 is related to a greater soil proportion 

in comparison to the rest of growth stages (GS39 and GS65). NDRE, is an indicator of 

green pigments content and it is more related to protein content than biomass. Therefore, 

it was expected that at lower biomass quantities, green pigments were more concentrated 

than in other stages; as a result, the performance of NDRE increased in GS32. Finally, 

although the optical index BRI1 could be a valuable alternative when the sensor is the 

main limitation (Li et al. 2014), it did not perform well in our study, most likely due to 

the lack of NIR information in the VI calculation. 

Regarding protein content, the TVO method improved the R2 and RMSE values at GS32 

and GS39. However, R2 values were low enough to be considered non-relevant results in 

the analysis. At GS65, TVO did not considerably improve estimation, with MSAVI and 

NDRE being the most reliable indices. On the other hand, it was expected that protein 

was better predicted in the last growth stages (grain filling) due to the movement of 

nutrients from the plant to the grain content (Liu et al., 2006; Zhao et al., 2019). Therefore, 

R2 values were better, ranging from 0.59 to 0.61 in GS65, but there is still room for 

improvement to reach a reliable assessment. 

Finally, we observed that the predictive performance of VIs (NDVI and BRI1) improves 

during the peak of vegetation (GS39). These results are in line with those obtained by Liu 

et al. (2022) and Salazar et al. (2007), who reported that the optimum period for 

estimating wheat yield is during the booting–heading growth stages. On the other hand, 

the predictability of MSAVI and NDRE decreased in GS39. We speculate that the R2 of 

MSAVI decreased probably due to the absence of soil in the scene. Therefore, it was not 

necessary to add a soil factor. In the case of NDRE, we believe that its close relationship 

with the content of photosynthetic pigments is better employed in the prediction of protein 

content instead of yield.  
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Additionally, this study showed a saturation of NDVI at GS39. The results reinforce the 

idea that NDVI tends to saturate when the wheat cover reaches its green peak and the leaf 

area index is the highest of the wheat cycle (Duan et al., 2017; Vannoppen and Gobin, 

2021).  

Although TVO seems to be a promising procedure, this work presents some limitations. 

One of them is the spatial resolution to be employed. As multiple authors mentioned 

(Hengl, 2006; López-Granados, 2011; Torres-Sánchez et al., 2015) it is required high-

resolution imagery (centimeter or millimeter scale) to successfully apply thresholding and 

soil removing techniques in early stages of vegetation. Imagery with an inadequate size 

of pixel may contain a mix of soil and vegetation, being difficult to distinguish between 

both. Another issue is the presence of objects that are neither vegetation nor soil in the 

UAV imagery (H. Zhou et al., 2021), such as rocks or crop residues (Hively et al., 2018). 

In our case, it is an experimental field, assuring that there is no presence of foreign objects 

inside the plots. However, this should be considered by researchers using segmentation 

and thresholding methods in areas presenting a variety of landcovers. 

In summary, in this work, we demonstrated the potential of VIs from UAVs to predict 

winter wheat traits. Furthermore, we successfully performed an iterative segmentation 

method to select an optimal threshold value to minimize the soil background effect. 

Further research should focus on evaluating and replicating TVO methodology in larger 

datasets of high-input crops, such as maize and rice. Moreover, other potential 

chlorophyll indices such as modified chlorophyll absorption ratio index (MCARI), 

transformed chlorophyll absorption ratio index/optimized soil-adjusted vegetation index 

(TCARI/OSAVI, Double peak canopy nitrogen index (DCNI), and Canopy chlorophyll 

content index (CCCI) should be studied in future research. 

5. Conclusions 

The effect of soil in UAV imagery is one of the most difficult challenges faced by remote 

sensing techniques applied to agriculture. In this work, we have demonstrated UAVs' 

potential to further improve the monitoring and prediction of wheat traits. We have 

detected that MSAVI and NDRE are the most sensitive indices. We achieved a yield 

prediction (R2 = 0.68) at the earliest stage (GS32) and a satisfactory prediction of protein 

content (R2 = 0.6) at the later stage (GS65). We proposed an innovative method for 

selecting an optimal threshold in each VI. The threshold value fluctuates between 0.2 and 
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0.3 in predicting the yield at GS32 and ranges from 0.1 to 0.2 in predicting protein content 

at GS65. Overall, TVO allowed us to improve the prediction performance of VIs, mainly 

in the estimation of yield and N output during GS32.  
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Appendix Table 1. Threshold values of each segmentation between VIs and yield in GS32. 

Threshold NDVI MSAVI NDRE BRI1 
T_1 0.00 0.00 0.00 0.00 
T_2 0.04 0.04 0.04 0.25 
T_3 0.07 0.07 0.07 0.29 
T_4 0.09 0.09 0.10 0.31 
T_5 0.11 0.11 0.12 0.34 
T_6 0.13 0.13 0.14 0.36 
T_7 0.15 0.15 0.16 0.38 
T_8 0.16 0.16 0.18 0.41 
T_9 0.18 0.17 0.19 0.43 

T_10 0.19 0.19 0.21 0.45 
T_11 0.20 0.20 0.22 0.48 
T_12 0.22 0.21 0.24 0.50 
T_13 0.23 0.23 0.26 0.52 
T_14 0.25 0.24 0.27 0.53 
T_15 0.26 0.26 0.29 0.55 
T_16 0.28 0.26 0.31 0.55 
T_17 0.30 0.27 0.33 0.56 
T_18 0.33 0.28 0.35 0.56 
T_19 0.35 0.29 0.37 0.59 
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Appendix Table 2. Threshold values of each segmentation between VIs and protein content in GS65. 

Threshold NDVI MSAVI NDRE BRI1 
T_1 0.00 0.00 0.00 0.10 
T_2 0.03 0.03 0.02 0.42 
T_3 0.05 0.06 0.04 0.46 
T_4 0.07 0.08 0.06 0.49 
T_5 0.09 0.09 0.07 0.52 
T_6 0.10 0.11 0.08 0.54 
T_7 0.12 0.12 0.09 0.56 
T_8 0.13 0.13 0.10 0.57 
T_9 0.14 0.15 0.11 0.59 

T_10 0.15 0.16 0.12 0.60 
T_11 0.16 0.17 0.13 0.62 
T_12 0.17 0.18 0.13 0.64 
T_13 0.18 0.19 0.14 0.65 
T_14 0.19 0.20 0.15 0.67 
T_15 0.20 0.21 0.16 0.68 
T_16 0.21 0.22 0.17 0.71 
T_17 0.23 0.24 0.19 0.73 
T_18 0.25 0.25 0.20 0.75 
T_19 0.27 0.27 0.22 0.79 
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Appendix Table 3. Threshold values of each segmentation between VIs and nitrogen output in GS39. 

Threshold NDVI MSAVI NDRE BRI1 
T_1 0.000 0.000 0.000 0.405 
T_2 0.080 0.091 0.061 0.747 
T_3 0.128 0.145 0.100 0.811 
T_4 0.164 0.186 0.131 0.861 
T_5 0.195 0.221 0.157 0.905 
T_6 0.223 0.251 0.180 0.947 
T_7 0.248 0.279 0.202 0.977 
T_8 0.271 0.305 0.220 1.000 
T_9 0.293 0.330 0.238 1.038 

T_10 0.315 0.352 0.255 1.071 
T_11 0.333 0.375 0.273 1.095 
T_12 0.355 0.397 0.289 1.121 
T_13 0.375 0.419 0.306 1.148 
T_14 0.396 0.442 0.323 1.176 
T_15 0.417 0.465 0.341 1.208 
T_16 0.439 0.489 0.359 1.243 
T_17 0.461 0.514 0.379 1.284 
T_18 0.486 0.542 0.402 1.333 
T_19 0.514 0.573 0.430 1.404 
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