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Abstract 

The spatial variability of yield components and harvest losses represents a determining 

factor for production efficiency in agricultural systems managed under the principles of 

precision agriculture. In this context, the present study aimed to evaluate the spatial 

variability of soybean yield components and harvest losses, as well as to investigate their 

relationship with the Normalized Difference Vegetation Index (NDVI). The study was 

conducted on a commercial farm in two production fields with areas of 70.46 ha and 63.14 

ha. A regular sampling grid was established with the addition of 20% random points, totaling 

82 sampling points per field. The variables analyzed were NDVI, plant height, first pod 

insertion height, grain yield, and harvest losses, classified as pre-harvest losses, total losses, 

and harvester losses. The data were subjected to descriptive statistical analysis, geostatistical 

analysis, spatial interpolation, and Pearson correlation. The results showed spatial variability 

for NDVI, plant height, first pod insertion height, and yield. The mean yield was 2846.2 kg 

ha⁻¹ in field T1 and 4402.5 kg ha⁻¹ in field T2. A positive correlation between NDVI and 

yield was observed in field T1. Total grain losses were above the acceptable limit of 60 kg 

ha⁻¹, ranging predominantly between 300 and 600 kg ha⁻¹ (6.81 to 13.63% of production), 

with regions reaching 600 to 1200 kg ha⁻¹ (13.63 to 27.26%). A strong relationship between 

harvester losses and total losses was also found, highlighting the influence of harvester 

adjustment and operating conditions on harvest efficiency. 
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1. Introduction 

Precision agriculture (PA) is a management approach that 

seeks to optimize processes and reduce costs, using advanced 

technologies to improve efficiency at all stages, from sowing 

to harvest, taking into account the spatial variability of crops, 

which promotes greater profitability and environmental 

conservation (Comparin and Cortez, 2023; Simas et al., 2023). 

Among the technologies used in PA, the use of satellite images 

for preparing vegetation index (VI) maps is a widely used 

technique. One of the most widely used is the Normalized 

Difference Vegetation Index (NDVI). VIs calculated from the 

spectral bands of images are effective tools for identifying 

agricultural problems (Hernández-López et al., 2021), 

provided that they are free from interference such as clouds 

(Ramadhani et al., 2021). Ré et al. (2025) demonstrated the 

effectiveness of VIs in detecting stress in sugarcane, although 

their interpretation may be affected by multiple factors. Lopes 

et al. (2024) identified significant correlations between NDVI, 

WDRVI (Wide Dynamic Range Vegetation Index), and maize 

yield. Filla et al. (2023) used NDVI to estimate common bean 

yield, obtaining R² values of up to 78% in the reproductive 

stages. Similarly, Batistella et al. (2023) studied soybean yield 

estimation using the EVI and NDVI indices obtained from 

sensors onboard satellites, concluding that the Random Forest 

algorithm showed promising results in estimating soybean 

yield, with greater influence of the images corresponding to 

crop maturation. Thus, these studies demonstrate the potential 

of VIs in modeling agricultural yield, including soybean crops. 

In addition to the use of spectral indices, PA also employs 

technologies embedded in modern grain harvesters, equipped 

with yield monitors, which, when integrated with several 

sensors, such as grain mass flow sensor, allow grain 

production values to be obtained in real time and yield maps 

to be generated, an essential tool for smart agriculture (Inacio 

and Cortez, 2023). However, one of the main challenges of 

mechanized soybean harvesting is associated with grain 

losses, which may occur both in systems that use precision 

agriculture technologies and in conventional systems. In 

general, these losses represent a critical factor for production 

efficiency and may compromise the economic sustainability of 

agricultural activity. In this context, the systematic monitoring 

of losses during the harvesting operation becomes essential, as 

well as the adoption of strategies for their reduction. Among 

the main measures for mitigating these losses, adequate 

operator training and the correct adjustment and calibration of 

the harvester stand out, factors directly related to the 

operational performance of the machine (Carreira et al., 2024). 

The spatial variability of soybean yield components and 

harvest losses represents one of the main challenges for 

production efficiency in commercial systems. In addition, the 

integration of vegetation indices, such as NDVI, makes it 

possible to anticipate spatial patterns of vegetative vigor, 

contributing to the predictive monitoring of yield and harvest 

efficiency. It is assumed that areas with greater vegetative 

vigor (NDVI) tend to show higher grain yield and lower 



Santos & Cortez Brazilian Journal of Biosystems Engineering (2025), 19 1261 

2 

relative losses, although increased plant biomass may 

influence the operational performance of the harvester. Given 

this context, the present study aimed to analyze the spatial 

variability of soybean yield components and harvest losses in 

a commercial area, as well as to investigate their spatial 

relationship with NDVI, aiming to support improvements in 

productive and operational efficiency. 

2. Materials and methods 

2.1 Location 

The study was conducted on a commercial farm located in 

the municipality of Sidrolândia, MS, at latitude 20º55’55” 

South and longitude 54°57’39” West. The arable areas of the 

farm have been managed for more than 15 years under a no-

tillage system (NTS). Two fields were selected on the property 

for carrying out the study. The first, designated as Field 1 (T1), 

has 70.46 ha, 64.32% clay, and a mean altitude of 360 m; the 

second, designated as Field 2 (T2), has 63.14 ha, 63.38% clay, 

and a mean altitude of 347 m. Both fields have soil classified 

as Oxisol, with a clayey texture. Soil sampling was performed 

to verify fertility levels, with sampling carried out according 

to the property’s planning. Based on the results (Table 1), the 

area was previously corrected with the aim of reaching 70% 

base saturation, with dolomitic limestone applied at a variable 

rate. In general, a mean rate of 350 kg ha⁻¹ was applied. 

Rainfall data were monitored using a rain gauge installed on 

the property, and it was found that monthly rainfall from 

November to March was below 100 mm; only in January 2021 

did rainfall exceed 500 mm. 

Table 1. Data on soil chemical attributes of fields 1 and 2. 

Chemical 

attribute 

pH in 

water 
O. M. P K Ca Mg 

Total 

CEC 
V% 

Field 01 6.16 29.38 8.73 3.59 34.20 13.70 83.04 61.86 

Field 02 6.03 33.34 30.96 9.73 52.39 19.55 18.30 68.69 

2.2 Crop establishment 

The soybean crop was established under a no-tillage 

system in both fields. Field T1 originated from the sowing of 

second-crop maize in 2020, whereas in T2, Brachiaria 

brizantha cv. Marandu had been used as cover crop for two 

years. The area was previously desiccated fifteen days before 

sowing, and Bmx Compacta Ipro soybean seeds were used. 

The seeder was adjusted to distribute 14.61 seeds per meter 

(292,200 plants per ha) at a row spacing of 0.50 m in both 

fields, resulting in 12.23 plants per meter in T1 and 13.41 

plants per meter in T2. 

2.3 Vegetation index 

For NDVI calculation, images were used based on the 

sowing date and availability from the Sentinel-2A imager, as 

follows: 01/03/2021 for T1 (51 days after sowing) and 

12/19/2020 for T2 (45 days after sowing). NDVI was 

calculated using band B4 Red and band B8, corresponding to 

the near infrared (NIR). The NDVI interpretation classes were 

based on Chedid et al. (2024), as follows: ≤ 0.20 (Class 1); 

0.20–0.40 (Class 2); 0.40–0.60 (Class 3); 0.60–0.80 (Class 4); 

and >0.8 (Class 5), indicating, respectively, exposed soil and 

straw, straw and early vegetative development, partial 

vegetative development, vegetative development, and full 

development. 

 

2.4 Yield components 

For the collection of data on plant height, first pod insertion 

height, and harvest losses, a regular sampling grid with 20% 

random points was prepared (adapted from Molin et al., 2015), 

with adjustments so that each field had 82 sampling points 

(Figures 1). 

 
Figure 1. Sampling schemes of T1 (left) and T2 (right). 

Plant height was determined by measuring, at the center of 

each point of the sampling grid, a total of 10 consecutive 

plants, from the soil surface to the insertion of the last fully 

expanded leaf (trifoliate), using a measuring tape (Ratke et al., 

2024). To determine the first pod insertion height (FPIH), 10 

consecutive plants were measured at each point of the 

sampling grid, given by the distance between the soil level and 

the productive FPIH, using a measuring tape. Yield data were 

obtained from grain harvesters equipped with installed 

sensors, namely a grain mass flow sensor and a moisture 

sensor, to measure the mass of harvested grains. During the 

harvesting process, the harvested grain data were measured by 

the mass sensor, and the moisture content of the harvested 

grains was also measured. The monitor was calibrated using 

grain mass sensors installed in the grain tank, using the 

technology system available in the harvester. The grain mass 

values obtained by the mass sensor were corrected to 13% 

moisture, using the data originally described by the harvester 

moisture sensor; thus, the final yield data used in this study 

were standardized at 13% moisture. 

2.5 Harvest losses 

Grain losses were determined at each point of the sampling 

grid (Figure 1) within a rectangular frame with an area of 2 m² 

(Mesquita et al., 1998), constructed with two PVC bars and 

two nylon cords, measuring 10.5 × 0.019 m, which coincided 

with the width of the harvester header. Losses were 

determined as: pre-harvest loss, total losses (after the harvester 

pass), and machine losses, given by the difference between 

total loss and pre-harvest loss. 

2.6 Data analysis 

The data were analyzed using the coefficient of variation 

(CV) and classified according to Lopes et al. (2021), using the 

mean data, which indicate low CV when below 9%; medium 

CV when from 9 to 27%; high CV when between 27 and 36%; 

and very high CV when above 36%. The yield data obtained 

by the harvester sensors were downloaded from the monitor 

and subjected to filtering, removing data with positioning 

errors, platform-width errors, and very high or very low value 

errors; data with values lower than 75% of the total platform 

width (<9.01 m) were removed; data with speed lower than 1.0 

km h⁻¹ were also removed. Subsequently, the data were 
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interpolated using the IDW method on a grid of approximately 

9 × 9 m. Harvest loss data were initially subjected to 

descriptive analysis to obtain measures of central tendency and 

dispersion. All spatial analyses were performed in the free 

software QGIS (QGIS, 2024), and geostatistics followed by 

kriging were performed using the Smart-Map plugin (Pereira 

et al., 2022). Data not fitted to semivariograms were 

interpolated using inverse distance weighting (IDW). 

Therefore, the following were adjusted by IDW: FPIH and 

total losses in T1; yield and losses from the harvesting process 

for both fields. After interpolation of all data, they were 

grouped into a single matrix for each field and subjected to 

Pearson’s correlation matrix. 

3. Results and discussion 

3.1 Vegetation index 

The NDVI data for Field 1 (T1) showed medium 

dispersion (CV equal to 15.53%), whereas for Field 2 (T2), 

dispersion was low (CV equal to 8.34%), according to Lopes 

et al. (2021), respectively. NDVI for the fields showed a high 

range of values, varying between 0.16 and 0.95 (Figure 2). As 

the crop develops, NDVI values increase, approaching the 

dark-green color, indicating that the area was under full 

vegetation cover, which would correspond to the saturation 

point. Silva et al. (2022) observed that NDVI is sensitive to 

changes in the coloration of soybean plants, showing stand 

gaps across the cropped area, areas of healthy vegetation, and 

exposed soil. 

 
Figure 2. Spatial distribution of NDVI in Fields T1 and T2. 

In T1 showed lower NDVI values (Figure 2), mainly along 

the borders of the area, indicating lower plant density, which 

may be attributed to the presence of cattle in the neighboring 

areas and the proximity to a permanent preservation area, 

where the presence of wild animals caused trampling along the 

border of the area. In general, approximately 75% of the area 

had a predominance of NDVI between 0.6 and 0.8, indicating 

vigorous vegetation, with approximately another 10% above 

0.8. In T2, the amount of area with NDVI between 0.6 and 0.8 

was around 53%, while the amount of area above 0.8 was 

approximately 33%. The vegetation cover of this field, with 

the presence of Brachiaria brizantha cv. Marandu before crop 

sowing, favored greater crop plant biomass. Thus, the results 

demonstrate that crop and vegetation monitoring using remote 

sensing satellites is important for monitoring agricultural 

production (Kasimati et al., 2023), but they highlight that 

proximal sensors better explain variability in the initial and 

final growth stages. 

3.2 Yield components 

Plant height (Figure 3) showed a coefficient of variation 

(CV) classified as medium for T1 (10.04%) and low for T2 

(8.26%), according to Lopes et al. (2021). First pod insertion 

height (FPIH) had a CV classified as low for T1 (5.08%) and 

medium for T2 (10.3%), whereas grain yield showed a 

medium CV for T2 (14.26%) and a high CV for T1 (28.76%), 

according to Lopes et al. (2021) (Figure 3) 

 
Figure 3. Plant height (cm), first pod insertion height (FPIH - cm), 

and yield (kg ha⁻¹) in Fields T1 and T2. 

In field T1 (Figure 3), excessive rainfall in January 2021 

during the growing season made it necessary to delay harvest, 

which negatively affected yield (2846.2 kg ha⁻¹) due to 

physiological deterioration. In field T2 (Figure 3), the 

presence of Brachiaria brizantha cv. Marandu may have 

favored higher grain yield (4402.5 kg ha⁻¹). The cover crop 

provides benefits to the production system, including a deep 

and aggressive root system, which contributes to nutrient 

cycling. Another benefit of soil vegetation cover is its capacity 

to promote an increase in organic matter, as can be verified in 

Table 1. The spherical model showed the best fit for the 

semivariogram of plant height and FPIH height (Table 2). 

Thus, the spatial dependence of the plants was observed based 

on the semivariogram range. The coefficients of determination 

(R²) ranged from 0.68 to 0.96 for plant height and were 0.81 

for FPIH. The FPIH variable for T1 did not fit any 

semivariogram model and was therefore interpolated using the 

IDW method (Inverse Distance Weighting). 

Table 2. Parameters fitted to the semivariograms of plant height and 

first pod insertion height (FPIH) for Fields 1 (T1) and 2 (T2). 

Variable Model C0 C0+C Range (m) RMSE R2 CV - SC 

Height – T1 SP 45.94 107.30 383.10 896.30 0.68 1.21 

Height – T2 SP 34.51 115.19 394.07 85.71 0.96 1.08 

FPIH – T2 SP 0.61 1.29 323.18 0.02 0.81 0.74 

SP: spherical model; C0: nugget effect; C0+C: sill; RMSE – residual;  

CV: cross-validation; SC: slope coefficient of the line. 

In fields T1 and T2 (Figure 4), it can be observed that the 

tallest plants are located in the center of the field, whereas the 

shortest plants are concentrated in the headland area. This 

pattern may be associated with the fact that the central regions 

are less trampled areas, favoring plant development when 

compared with plants along the border. This result is in 

agreement with Moraes et al. (2020), who highlighted that the 

interaction between the environment and the physical, 

chemical, and biological soil conditions alter plant growth and 

development. 

 
Figure 4. Spatial distribution of plant height (cm) in T1 and T2. 
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For FPIH, it can be observed that in T1 (Figure 5), there is 

a predominance between 11 and 12 cm in height, with some 

patches in which plant height varied between 10 and 13 cm. In 

field T2, FPIH predominated between 10 and 12 cm, with 

some patches of plants lower than 10 cm and one region with 

plants between 12 and 13 cm of FPIH. This can be explained 

by the illumination period to which the plants in each field 

were exposed during their emergence and vegetative periods. 

Fields with greater intensity influence plants to enter the 

reproductive stage more rapidly, resulting in lower FPIH. 

 
Figure 5. First pod insertion height (FPIH - cm) in T1 (IDW) and 

T2 (Kriging). 

The spatial distribution of yield in fields T1 and T2 (Figure 

6) showed higher grain yield in T2. In T1, yield was negatively 

affected by excessive rainfall during harvest, making it 

necessary to delay the harvesting operation, which affected the 

yield of the field. 

 
Figure 6. Spatial distribution of yield (kg ha-¹) in T1 and T2. 

Another aspect to observe is that plant height (Figure 4) 

was lower in T1 compared to T2, coinciding with the area of 

lower yield observed in T1. Population density is a factor that 

may influence plant height. The data from this study show that 

field T2 had a higher final population than T1, which may have 

favored greater height. This result is in agreement with Dörr et 

al. (2023), who found that increasing plant density favors taller 

plants. However, Souza et al. (2010) state that greater 

population density reduced the number of pods per plant and 

grains per pod, but total grain yield was not altered. Wei and 

Molin (2020) point out that plant height can serve as an 

indirect indicator of the productive potential of the crop, and 

when associated with other indicators, it can help identify the 

efficiency of vegetative growth and its relationship with yield. 

Corassa et al. (2019) demonstrated that taller varieties should 

preferably be cultivated in low-potential areas, whereas 

shorter plants are more suitable in high-potential areas, 

because if they grow too much, it may result in excessive 

shading and reduce yield. However, if the actual plant density 

is very high as close to the value obtained in T2 (13.41 

plants.m⁻¹), even shorter hybrids may show reduced yield due 

to mutual shading and greater intraspecific competition. Thus, 

based on the results of this study, it is suggested that sowing 

quality influenced the dynamics of competition among plants 

in the fields. This variation in spatial arrangement, together 

with the stature of the varieties, may have affected light 

interception and, consequently, yield. In the present study, T2 

better converted the planned density into a functional canopy, 

whereas T1 suggests losses in stand establishment quality that 

reduced the use of productive potential. In T2, Brachiaria 

brizantha cv. Marandu was present as vegetation cover, which 

may have contributed to better crop establishment and yield. 

3.3 Harvest losses 

The analysis of pre-harvest losses (Table 3), according to 

field observations, occurred mainly due to pod dehiscence 

caused by delayed harvest and grain germination while still in 

the pods. 

Table 3. Descriptive statistics of harvest losses (kg ha⁻¹). 

 Pre-harvest losses Total losses Harvester losses 

Parameter Field 01 Field 02 Field 01 Field 02 Field 01 Field 02 

Mean 160.40 131.65 606.50 481.46 446.10 349.80 

SD1 118.90 89.59 347.70 79.48 312.70 109.70 

CV (%)2 74.15 68.05 57.34 16.51 70.1 31.36 

Minimum 0 0 110 265 65 80 

Median 117.5 130 547.5 487.5 380 335 

Maximum 455 425 2685 740 2290 675 

Sk3 1.01 0.74 2.84 0.04 2.74 0.22 

K4 -0.04 1.14 14.83 1.89 13.88 0.62 

RJ5 <0.01* 0.02* <0.01* <0.01* <0.01* >0.10ns 

¹ SD: standard deviation; ² CV (%): coefficient of variation; ³ Sk: Skewness; ⁴ K: 

kurtosis; ⁵ RJ: Ryan–Joiner test, where (*) indicates significance at p < 0.05 and (ns) 

indicates a non-significant distribution. When significant, it indicates that the 

hypothesis of normal distribution is rejected. 

The CV was medium only for T2 in total losses; high only 

for T2 in harvester losses; and very high for the other losses 

(Table 3), according to Lopes et al. (2021). Jasper et al. (2021) 

also found high CV values (64.52%) for harvest losses, 

justified by the influence of uncontrollable factors, such as 

climatic variations and soil conditions. The analysis of 

skewness (Sk) and kurtosis (K) data indicates that most losses 

do not follow a normal frequency distribution, which was 

confirmed by the Ryan–Joiner test (Table 3). The exception 

occurs for harvester losses in T2, which showed a normal 

distribution. The non-normality of the loss data was confirmed 

by the skewness (Sk) and kurtosis (K) coefficients being 

distant from zero, which suggests, for future studies, the use 

of non-parametric statistical methods for these variables. The 

analysis of total losses (Table 3) indicates high values, due to 

climatic adversities, lack of monitoring during sowing and 

harvest, and probable lack of machinery adjustment. Jasper et 

al. (2021) found a 5.29% increase in losses when harvester 

speed increased by 1 km h⁻¹, and suggested that this increase 

was due to lodged and unharvested plants. In T1, one of the 

factors that may have caused the increase in losses was 

excessive rainfall during the harvest stage, which had to be 

delayed, generating increased losses due to pod dehiscence 

and grain deterioration. Harvester losses (Table 3) were 

determined by the difference between total loss and pre-

harvest loss. These values are directly related to poor harvester 
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adjustment, influenced by reel speed, cutting height of the 

harvester platform, threshing cylinder rotation, clearance 

between cylinder and concave, and machine travel speed. In 

addition to these factors, harvest flow affects feeding of the 

threshing system, caused by uneven crops. Carreira et al. 

(2024) state that attention should be given to measures for 

reducing harvest losses, such as training operators and 

configuring the harvester to reduce losses. Regarding the 

parameters fitted to the semivariograms of losses (Table 4), the 

spherical model showed the best fit. A moderate fit was 

observed for pre-harvest losses, and a weak fit for total loss in 

field T2. The highest value of the range was observed for pre-

harvest losses in T2, which represents greater spatial 

dependence of these losses. The range represents the 

maximum distance for two points to have spatial dependence; 

that is, points within an equal or smaller radius are correlated 

with each other (Lopes et al., 2020). 

Table 4. Parameters fitted to the semivariograms of pre-harvest and 

total losses. 

Variable Model C0 C0+C 
Range 

(m) 
RMSE R2 

CV 

- SC 

PHL – T1 SP 9411.20 14634.79 327.87 1589315 0.80 0.73 

PHL – T2 SP 6568.64 8836.62 969.95 2662023 0.61 0.53 

TL – T2 SP 5973.55 6452.94 305.29 31262.28 0.53 0.67 

PHL: pre-harvest losses; SP: spherical model; C0: nugget effect; C0+C: sill; RMSE – 

residual; CV: cross-validation; SC: slope coefficient of the line. 

The spatial evaluation of pre-harvest grain losses indicated 

that, in most of the area, values were 120 kg ha⁻¹ for both 

fields, with a loss of 4.22% for T1 and 2.73% for T2. However, 

some areas in T1 showed losses from 240 to 300 kg ha⁻¹ 

(Figure 7), representing losses from 8.43% to 10.54%. The 

delay in harvest determined the increase in losses due to 

rainfall that occurred after the R8 stage, in addition to the 

genetic characteristics of the cultivar and pod dehiscence. In 

T1, grain germination still inside the pod also occurred at some 

points. It was observed that the region of lower yield in T1 

overlapped the areas with the highest pre-harvest losses, 

indicating a relationship between yield and losses. Zuffo et al. 

(2020) found that harvesting at advanced stages promotes 

losses in seed quality, mainly when heavy rainfall occurs. The 

authors reported that rainfall of 50 mm causes deterioration of 

soybean seeds, a phenomenon that was also recorded in this 

study. 

 
Figure 7. Spatial distribution of pre-harvest losses (kg ha⁻¹) in T1 

and T2. 

Total losses (Figure 8) ranged from 300 to 600 kg ha⁻¹ in 

T2 (6.81% to 13.63%) and were even higher in T1 over a large 

part of the area. Grain losses generate substantial economic 

losses for farmers. However, many do not pay attention to this 

highly important factor, despite its direct impact on yield 

reduction. 

 
Figure 8. Spatial distribution of total losses (kg ha⁻¹) in T1 (IDW) 

and T2 (Kriging). 

Machine grain losses (Figure 9) result in high losses for 

farmers, as they cause reductions in yield. In most of the area, 

losses ranged between 300 and 600 kg ha⁻¹ (6.81% to 13.63%); 

however, in field T1, some regions showed losses on the order 

of 600 to 1200 kg ha⁻¹ (13.63% to 27.26%), which can be 

considered areas of extreme loss for the producer. 

 
Figure 9. Spatial distribution of harvester losses (kg ha⁻¹) in T1 and 

T2, by IDW. 

3.4 Pearson correlation 

The results of Pearson’s correlation analysis (Table 5) 

indicate that, in T1, there is a positive correlation between 

yield and NDVI. Spectral indices, including NDVI, explain an 

important part of yield variation in soybean, showing good 

predictive capacity of the spectrum/NDVI for yield. Shammi 

and Meng (2021) observed that models based on NDVI and 

EVI showed better performance in predicting soybean yield at 

70 and 85 days after sowing. Similarly, Crusciol et al. (2021), 

evaluating three consecutive growing seasons, identified that 

the highest accuracy in yield estimation occurred at 89, 96, and 

94 days after sowing, corresponding to the R5 phenological 

stage. These results reinforce that leaf reflectance constitutes 

a tool for predicting soybean grain yield. In field T2, no 

significant correlation was observed between NDVI and yield 

(Table 5), nor among the other attributes evaluated. In 

addition, NDVI, plant height, and first pod insertion height did 

not show a significant relationship with grain losses. This 

absence of correlation may be related to NDVI saturation in 

more dense canopies, which reduces its sensitivity to detect 

biomass variations. According to Xu and Katchova (2019), the 

response of soybean yield to NDVI throughout the cycle is 

nonlinear, which helps explain the limitation of the index at 

certain stages of crop development. Therefore, the correlation 

pattern in T1 and T2 is consistent with evidence that NDVI 

may correlate with yield when there is contrast in vigor/stress 

and when measured at appropriate stages but tends to saturate 

in dense canopies. 
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Table 5. Pearson correlation for the variables analyzed in fields T1 

and T2. 

T1 Yield NDVI Height FPIH PHL TL 

NDVI 0,478      

Height 0,154 0,106     

FPIH 0,156 0,247 -0,004    

PHL -0,390 -0,350 0,264 -0,286   

TL -0,109 0,050 -0,175 -0,000 0,263  

HL 0,007ns 0,152 -0,286 0,118 -0,056 0,926 

T2 Yield NDVI Height FPIH PHL TL 

NDVI 0,133      

Height 0,138 0,251     

FPIH 0,000ns 0,356 -0,005ns    

PHL 0,108 -0,200 -0,116 0,282   

TL 0,175 -0,175 0,274 -0,169 0,505  

HL -0,023 -0,100 0,209 -0,277 -0,321 0,247 
ns: not significant at 5% probability. Yield: yield; NDVI: Normalized Difference 

Vegetation Index; FPIH: first pod insertion height; PHL: pre-harvest losses; TL: total 

losses; HL: harvester losses. 

Harvester losses (HL) and total losses showed a very 

strong correlation in T1 (Table 5); that is, they are directly 

correlated variables, and it was therefore verified that the 

increase in MACHL is directly associated with the increase in 

total losses. In field T2, there was a significant correlation 

between the variables pre-harvest losses (PHL) and total losses 

(TL). This suggests that pre-harvest losses directly influenced 

total losses. Pre-harvest loss increases TL when harvest is 

delayed, especially in cultivars more susceptible to dehiscence 

and/or weather conditions, because it composes the total and 

may predominate in certain scenarios. Pre-harvest losses may 

dominate total losses when harvest is delayed or when adverse 

weather conditions occur. For this study, it is highlighted that 

pre-harvest losses were above the acceptable limit, affecting 

the values of total losses. 

4. Conclusions 

The soybean crop showed spatial variability in the 

attributes evaluated, including NDVI, plant height, first pod 

insertion height (FPIH), and yield. A positive correlation 

occurred between NDVI and yield in one of the areas, 

highlighting the potential of this index as an indicator of the 

vegetative and productive vigor of the crop. Plant height and 

first pod insertion height showed spatial variability, but with 

low correlations with yield and grain losses. Mean yield was 

2846.2 kg ha⁻¹ in field 1 and 4402.5 kg ha⁻¹ in field 2, 

indicating marked differences between the fields due to factors 

such as delayed harvest and rainfall occurrence during the 

maturation period. Harvest losses were above the acceptable 

limit of 60 kg ha⁻¹. Total losses ranged from 300 to 600 kg ha⁻¹ 

(6.81–13.63% of production), with regions reaching 600–1200 

kg ha⁻¹ (13.63–27.26%). 
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