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Abstract: Unmanned aerial vehicles (UAV) integrated with multispectral sensors have been widely used for 
phenotyping in plant breeding programs and other agricultural applications.  However, the effect of flight altitude, 
radiometric correction, and stitching software on the values and variability of the vegetation indices (VI) remain 
unexplored.  Therefore, this study aims to investigate the effect of these factors to better understand their impact on VI 
variability.  In this study, we used wheat and pea trials to evaluate the effect of using different reference reflectance 
panels for the radiometric correction as a function of flight altitude on commonly used vegetation indices.  Pea and wheat 
data were collected at the initial ripening or flowering stages, respectively.  In both trials, single multispectral images 
were collected at 25 m, 35 m, 45 m, 55 m, 65 m, and 75 m flying altitudes.  In addition, UAV was used to collect 
multispectral images at 25 m, 45 m, and 75 m flying altitude and stitched with multiple photogrammetry software 
(DroneDeploy, ImageBreed, Agisoft, and Pix4D).  For radiometric correction, four Lambertian reference panels were 
used (10%, 18%, 50%, and 99%).  The main results indicated that panels with reflectance of 10% and 20% were suitable 
for radiometric corrections, since the digital number from these panels did not saturate in most cases.  In addition, the 
correction using the 18% reflectance panel demonstrated consistent reflectance response across flight altitudes.  
Nevertheless, differences in responses were observed as a function of the flight altitudes after orthomosaic generation, 
especially with DroneDeploy, ImageBreed, and Pix4D. Vegetation index values, such as normalized difference 
vegetation index, were highly affected by photogrammetry software. These findings highlight the importance of 
optimizing UAV-multispectral flight altitudes and radiometric correction approaches to improve the accuracy and 
stability of vegetation indices in UAV-based crop monitoring, contributing to more precise data for decision-making in 
plant breeding and precision agriculture applications. 
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1 Introduction 
Remote sensing technologies and tools have 

augmented the resources available to plant breeders 
and agronomists for crop assessment (Herzig et al., 
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2021; Shakoor et al., 2019; Weiss et al., 2020). One 
of the common tools used for crop monitoring is 
multispectral sensors integrated into unmanned aerial 
vehicles (UAV). Vegetation indices can be extracted 
from the resulting images (Banerjee et al., 2021; 
Sankaran et al., 2015; Zhang et al., 2021) providing a 
non-invasive and high-throughput data acquisition 
capabilities (Chivasa et al., 2021; Tattaris et al., 2016) 
useful for trait prediction (Fei et al., 2023; Hassan et 
al., 2019; Herzig et al., 2021) and classification 
(Barreto et al., 2023; Jarolmasjed et al., 2019). 
Despite the widespread use of UAV-based 
multispectral imagery applications, ensuring 
consistent and comparable vegetation indices (VIs) 
remains challenging. Factors such as flight altitude, 
radiometric correction, and photogrammetric software 
can introduce variability in vegetation indices, which 
challenges their reliability for decision-making. 

Collecting accurate at-surface reflectance data can 
be difficult for UAV-multispectral systems. Factors 
such as atmospheric, solar, and topographic effects 
can impact the accuracy of vegetation indices 
(Schowengerdt, 1997). Correction for sensor black-
level, sensitivity, gain, exposure, and vignetting 
effects associated with the sensor itself are also 
important considerations (Micasense, 2024). For 
example, it is well documented that the solar zenith 
angle impact significantly affects the VIs values 
(Galvao et al., 2004; Middleton, 1991; Valencia-Ortiz 
et al., 2021). Therefore, radiometric correction is 
crucial procedure, as it involves converting each pixel 
represented as a digital number (DN) into reflectance 
(Campbell and Wynne, 2011). Without a proper 
radiometric correction, VIs may not capture the actual 
crop conditions, thus limiting its utility. 

In general, absolute radiometric correction 
approaches are commonly used to correct the 
multispectral imagery acquired from UAVs, which 
range from complex models such as the atmospheric 
radiative transfer models (RTM), which aims to 
correct for atmospheric effects (Vermote and Roger, 
1996) to simple models such as the empirical line 
calibration (ELC). However, for practical applications, 

RTM is less attractive due to the difficulty in 
estimating complex parameters such as leaf 
biochemical properties, reflectance distribution, leaf 
transmittance, atmospheric properties, and canopy 
structure that can affect its accuracy (Kuusk and 
Nilson, 2000; Smith and Milton, 1999; Wierzbicki et 
al., 2018). Therefore, the ELC approach is often used 
due to its ease of implementation and practicality. 

The ELC uses single or multiple calibrated 
lambertian reference panels (LRP) for UAV based 
multispectral imaging applications. Each panel 
provides known reflectance values across 
wavelengths that allow the establishment of a 
relationship between the DN and the reflectance. 
There are two methods to implement LRP based 
radiometric corrections. Firstly, images of an 
individual LRP at approximately one meter of altitude 
are collected before or after UAV image acquisitions. 
This method involves the straightforward technique 
for correction using ELC approach, which postulates 
that surfaces with zero reflectance will yield zero 
radiance and there is a linear association between 
radiance and reflectance (Naito et al., 2017; Smith 
and Milton, 1999). Also, it is a part of the protocols 
implemented in photogrammetric software such as 
Pix4D, Agisoft (Fawcett et al., 2020), and 
ImageBreed. The second method to correct images is 
to place the LRP on the field within the area of 
interest to ensure that images of the UAV mission 
will cover it. However, neither method accounts for 
atmospheric corrections (Smith and Milton, 1999). 

The ELC can be implemented with multiple 
reflectance panels (Smith and Milton, 1999) to 
address the atmospheric effects. This approach allows 
the user to construct a linear regression between 
surface reflectance across multiple reflectance panels 
and DN (radiance at sensor) for each wavelength. 
Here, a linear equation is used to predict the 
reflectance of target pixels based on the radiance 
(Kruse et al., 1990; Smith and Milton, 1999; Xu et al., 
2019). However, the ELC can sometimes lead to 
reflectance values being negative or greater than one 
(Kizel et al., 2017) and saturated DN data are 
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observed with high reflectance levels (Deng et al., 
2018; Wang and Myint, 2015). Recently, algorithms 
have been developed to include absolute correction in 
UAV based multispectral images without the use of 
LRP. For example, Schneider-Zapp et al. (2019) 
extracted a hemispheric-directional reflectance factor 
based on downwelling irradiance sensor, when using 
a multispectral camera (Parrot Sequoia) using Pix4D 
photogrammetric software. In this study, we 
investigated the effect ELC approaches on 
radiometric correction of multispectral images using 
calibrated LRPs. 

The impact of flight altitudes and radiometric 
correction across different photogrammetric software 
on UAV-multispectral derived features has not been 
studied. With a range of software used in the field, we 
believe that variability in the data may limit the 
comparison between studies. For these reasons, we 
aim to provide insights into the stability of DN, 
reflectance, and VIs, which are crucial for accurate 
crop monitoring. In this study, we assess the stability 
of DN, reflectance, and vegetation indices extracted 
from multispectral images radio metrically corrected, 
stitched, and orthorectified using different approaches 
based on the analysis of variance and relationship 
with grain yield. The specific objectives were: (1) 
Evaluate the impact of six flight altitudes (25 – 75 m) 
on the digital number and reflectance of two crop 
variants (varieties or breeding lines) using a single 
multispectral image; (2) Assess the stability of DN 
and reflectance of two crop variants after radiometric 
corrections using three LRP with different levels of 
reflectance, three flight altitude, and four 
photogrammetric software; and (3) Assess the 
stability of the vegetation indices across three flight 
altitudes and stability across photogrammetric 
software. These findings will be critical for utilizing 
such data in agricultural applications, enabling more 
precise crop monitoring. 

2 Materials and methods 

2.1 Study locations, planting details and grain 
yield 

Winter pea (Pisum sativum L.) and soft white 
winter wheat (Triticum aestivum L.) plant breeding 
trails were chosen to assess the consistency of DN, 
reflectance, and vegetation indices across different 
altitudes and photogrammetry software. The pea trail 
was located at Dayton (Location 1), Washington, 
United States (46°29'00.7"N 117°57'35.5"W) and 
wheat trail was located at Pullman (Location 2), 
Washington, United States (46°41'44.5"N 
117°08'18.7"W). From these trails, three remote 
sensing datasets were constructed. The first dataset 
was used to check the impact of UAV flight altitude 
and reflectance using single images (Figure 1). The 
second dataset was used to evaluate an ELC with 
different reflectance levels at three UAV flight 
altitudes on two genotypes of each crop (Figure 1). 
The third dataset was used to assess the vegetation 
indices sensitivity and relationship with grain yield 
across UAV flight altitudes and photogrammetric 
software. 

The first dataset comprised two plots that were 
spatially close to each other in the winter pea trial 
(crop variety ‘Goldenwood’ and breeding line 
PS07300124) and two adjacent plots in the winter 
wheat trial (crops varieties ‘Stephens’ and ‘Rosalyn’) 
(Figure 1). For the second dataset, the same 
genotypes were used, but this time three plots per 
genotype were analysed. Rosalyn and PS07300124W 
were spatially distributed, whereas Stephens and 
Goldenwood were present in the border plots (Figure 
1). The third dataset involved 10 pea breeding lines 
arranged in a randomized complete block design with 
three replications and 30 wheat breeding lines 
arranged in a randomized complete block design with 
two replications (Figure 1). The pea plot size was 1.2 
m × 4 m; the wheat plot size was 1.0 m × 3.0 m. In all 
trials, standard agronomic procedures were employed 
to manage the fertilization, pests, and weeds during 
the entire experimental period. The pea trial was 
planted on 5 October 2021 and harvested on 22 July 
2022, while the wheat trial was planted on October 25, 
2021, and harvested on August 17, 2022. The primary 
trait used as a ground reference in the wheat trial was 
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grain yield (GY), and the trial was harvested using a 
small plot combine. Pea grain yield data was 

excluded from the analysis due to the significant 
canopy overlap leading to inconsistent yield data. 

 
Figure 1 Image processing workflow across multispectral dataset, UAV flight altitudes, photogrammetric software, and crop type 

2.2 UAV multispectral data collection 
Figure 1 illustrates the UAV multispectral data 

acquisition process. In this study, a 1.2-megapixel 
multispectral sensor (RedEdge, Micasense Inc., 
Seattle, Washington, USA) was integrated with a 
UAV quadcopter (AgBotTM, ATI/Aerial Technology 
International, Oregon City, Oregon, USA). This 
sensor contains blue, green, red, red edge (RE), and 
near-infrared (NIR) filters with center and bandwidth 
of 475 ± 32 nm, 560 ± 27 nm, 668 ± 14 nm, 717 ± 12 
nm, and 842 ± 57 nm, respectively. Radiometric 
resolution of 16-bits corresponded to a DN range 
between 0 and 65,535. During workflow 1, three PVC 
squares (0.5 m × 0.5 m) were made and used to 
delimit the regions of interest of plots that were 
placed on top of the crop canopy; the data within the 
delimited regions were used to extract vegetation 

reflectance for further analysis. Four LRPs were 
placed at one side of the plot (P1 = 10% (PFT-10-
05M-RT-TC), P2 = 18% (PFT-18-05M-RT-TC), P3 = 
50% (PFT-50-05M-RT-TC), P4 = 99% (SRS-99–120) 
(Labsphere®, North Sutton, New Hampshire, USA). 
Finally, the UAV was operated manually to collect 
single-shot images at 25, 35, 45, 55, 65, and 75 m 
above ground level using a remote control with a 
spatial resolution of 1.74 cm pixel-1, 2.43 cm pixel-1, 
3.13 cm pixel-1, 3.82 cm pixel-1, 4.51 cm pixel-1, and 
5.21 cm pixel-1, respectively (Figure 1). 

During workflows 2 and 3, the PVC squares were 
rearranged, placing one PVC square per plot per 
replicate for each genotype with a total of three 
replications per genotype (Figure 1). The same panels 
(P1, P2, P3 and P4) were also placed on one side of 
the field. In addition, a fifth panel (P5 = 53%, RP04-
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1949243-OB, Micasense Inc., Seattle, WA, USA) 
was used to collect one image of the panel at 1 m 
flight altitude before deploying the UAV mission 
(this panel was used only for Pix4D and Agisoft 
metashape radiometric correction). Three missions 
using the QGroundControl station 
(qgroundcontrol.com) with three flight altitudes (25 
m, 45 m, and 75 m) were programmed with an 
overlap of 80% horizontal and 70% vertical, a speed 

of 3.0 m s-1, and a camera angle of 90º. The spatial 
resolution was 1.74 cm pixel-1, 3.13 cm pixel-1, and 
5.21 cm pixel-1 at 25 m, 45 m, and 75 m, respectively 
(Figure 1). In both data collection sequences, single 
image and UAV grid mission, the sensor was set to 
automatic gain and exposure. Table 1 describes the 
environmental conditions during the UAV data 
acquisition at both trial locations.

Table 1 Environment conditions during UAV data acquisition. 

Location  Collection time  Solar radiation (W.m-1) Temperature (ºC) Relative humidity (%)  

Spillman 13:00:00  925 19.4 42.9 

Dayton 15:00:00  830 19.9 49.6 

2.3 Images processing: single images 
The single multispectral images acquired at 25, 35, 

45, 55, 65, and 75 m flight altitudes were processed in 
ImageJ (V1.53; NIH, Bethesda, MD, USA) to extract 
the digital number for each wavelength and crop trial. 
Canopy reflectance (Rc) was estimated using the 
simple empirical line calibration method (Smith and 
Milton, 1999) with a reflectance panel of 18% (based 
on observed saturation in other reflectance panels) 
(Figure 1) as follows: 

DNcRc
DNp

=                             (1) 

Where, DNc, DNp, and Rc represent the digital 
number of the crop, the digital number of the 
reference panel, and the reflectance factor of 
reference panel at specific wavelength. 
2.4 Images processing: images from the UAV 
missions 

Datasets collected from UAV multispectral 
system at 25 m, 45 m, and 75 m were processed with 
Pix4Dmapper (Pix4D S.A. Switzerland, v4.4.12), 
Agisoft Metashape (Agisoft LLC., St. Petersburg, 
Russia, v1.8.3), online cloud server DroneDeploy 
(DroneDeploy, CA, USA), and ImageBreed version 
10.1 (Morales et al., 2020) to generate DN 
orthomosaic images for each flight at each crop trial. 
In Pix4D, the initial image processing step involved 
uploading the raw images, followed by point cloud 
generation to create a digital surface model and the 
DN orthomosaic imagery (orthomosaic image from 
mosaic folder was used in this study). In Agisoft, the 

raw images were also uploaded, and the subsequent 
steps involved alignment and optimized alignment. 
Subsequently, the point cloud was used to generate a 
digital elevation model and construct the DN 
orthomosaic imagery. The cloud-based computing 
process for DroneDeploy did not provide specific 
options associated with the image processing steps. In 
the case of ImageBreed, the cloud-based computing 
image processing entailed uploading images and 
providing additional information such as field trial 
details, image acquisition date, image resolution, and 
sensor type. 

The DN orthomosaic images from different 
photogrammetric software were used for radiometric 
correction. Next, QGIS (version 3.30.1) was used to 
extract DN values of square PVC regions across 
software, flight altitudes, and crop type. QGIS was 
used for canopy masking, and wavelength-specific 
reflectance extraction was performed using the square 
regions (0.5 m × 0.5 m) from the two different 
genotypes of each crop. Radiometric correction was 
applied using the ELC method in RStudio using 
single panel reflectance data and panel combination 
data. For combined panels, the following linear 
equation was used: 

 R=b+DN×m                           (2) 

where, R is the estimated reflectance, DN is the 
digital number, and b and m are the regression 
coefficients (intercept and slope, respectively). 
Pix4Dmapper and Agisoft Metashape were used to 
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generate reflectance orthomosaics, from the 
Micasense reflectance panel (53%) images collected 
at 1 m of altitude (Figure 1), that were then used to 
compare the ELC approaches in this study. It's worth 
noting that the radiometric correction algorithms used 
in this software are black-box procedures. However, 
the single reflectance panel is only a part of the 
calibration procedure that also involves other factors 
such as sensor settings, sensor properties, and scene 
conditions (Pix4D, 2024); however, in scene 
conditions, the downwelling light sensor option was 
turned off in both software. 
2.5 Images processing: vegetation indices 
extraction 

Pix4D, DroneDeploy, Agisoft metashape, and 
ImageBreed software were used to generate DN 
orthomosaics across 25 m, 45 m, and 75 m altitudes 
and crop types. QGIS was used to apply simple ELC 
using an 18% reflectance panel. Matlab (2018b; 
MathWorks Inc., Natick, MA, USA) (Zhang et al., 
2021) was used to create a mask of the crop canopy 
and extract three typical normalized vegetation 
indices (VIs) per plot using green (G), red (R), 
rededge (RE), and near-infrared (NIR) wavelengths: 
Normalized Difference Vegetation Index/NDVI 
(Rouse et al., 1974), Green Normalized Difference 
Vegetation Index/GNDVI (Gitelson et al., 1996), and 
Normalized Difference Red Edge Index/NDRE 
(Gitelson and Merzlyak, 1994) (Figure 1). These VIs 
are widely used in plant breeding programs due to 
their association with yield and related agronomic 
traits at reproductive and grain development stages 
(Lozada et al., 2020; Shafiee et al., 2021; Valencia-
Ortiz et al., 2021; Zhang et al., 2021).  
2.6 Statistical analysis 

RStudio software (Version 4.2.3, 2023, Boston, 
MA) was used to analyse the output data. The ggplot2 
package was used for descriptive plot visualization as 
well as the inference analysis. Outliers were removed 
using the interquartile range method (Handakumbura 
et al., 2019) during digital trait analysis and data were 
normalized using the Box-Cox function (MASS 
package). Analysis of variance and post-hoc Tukey’s 

test analysis (R function, lme4, and multcomp 
package) were used to evaluate the digital trait 
sensitivity across flight altitudes and photogrammetry 
software. Finally, Pearson’s correlation (R function) 
was used to evaluate the association of the digital trait 
with wheat grain yield. 

3 Results and discussion  

3.1 Digital number and reflectance across flight 
altitudes using single image data 

The quality of an image relies heavily on camera 
exposure, which is determined by the shutter speed, 
aperture, and ISO. When these parameters are not 
adequately balanced, pixel saturation can occur. Pixel 
saturation happens when the incoming light at a pixel 
reaches its maximum value (Zhang and Brainard, 
2004). For Micasense multispectral sensors, it is 
recommended to leave the ISO and exposure settings 
on automatic mode as they are optimized across 
image captures and wavelengths (Micasense, 2022). 
However, in this study, the saturation of the rescaled 
DN (0 to 1) response was observed at specific 
wavelengths with specific reflectance panels using a 
single image dataset. The P4 showed saturation 
across wavelengths from data collected at Pullman 
and Dayton locations and at six flight altitudes 
(Figure 2a). Wang and Myint (2015) found a similar 
saturation in the red wavelength using a reflectance 
panel of 94%. A similar observation was made using 
a P3 reflectance panel, except for the near-infrared 
wavelength did not saturate (Figure 2a). Deng et al. 
(2018) reported that DN saturation only affected a 
part of the visible region of the multispectral camera 
(Sequoia-PIX sensor) at 50 m of altitude with 40% 
and 60% reflectance panels. 

P1 and P2 did not show saturation, except for P2 
at the blue wavelength beyond 45 m flight altitude in 
Dayton and 75 m flight altitude in Pullman; however, 
blue, green, red, and red edge wavelength exceeded 
the DN intensity compared to NIR spectral band 
(Figure 2a). This limitation was also reported in the 
visible region of the multispectral data using 
reference panels ranging from 22% to 63% 
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(Chakhvashvili et al., 2021). Generally, higher 
altitudes were associated with higher DN values 
(Figure 2a). A similar trend was also reported by Guo 
et al. (2019). These results indicate that some 
wavelengths, such as RE and NIR, are less sensitive 
to saturation, and the high flight altitude can lead to 
saturation responses across wavelengths. This finding 
holds significant value in determining the suitable 
panels for further radiometric correction. Since P2 did 
not saturate in visible and near-infrared regions in 
most cases, we used the 18% reflectance panel to 
apply radiometric correction from the panel at a 

specific flight altitude to the individual crop images 
acquired at the same flight altitude. Upon correction, 
only minor variations were observed in crop 
reflectance values across altitudes (Figure 2b). 
Similarly, the crop line canopy reflectance response 
showed a typical pattern of plant reflectance across 
six flight altitudes. Furthermore, the green reflectance 
was found to be higher in pea lines than in wheat 
lines (Figure 3). Interestingly, the green reflection in 
wheat lines was slightly higher at an altitude of 25 m 
than at higher altitudes. 

       
(a) Spectral response as digital numbers of single multispectral image across reflectance panels and flight altitudes (b) Spectral 
reflectance response of single multispectral image from 18% panel across flight altitudes 

Figure 2  Digital number and spectral reflectance data 

The digital responses of multispectral images can 
be influenced by the algorithms employed in 
photogrammetry software under different UAV flight 
altitudes. At each location (Pullman and Dayton), 
similar digital patterns on reference panels (P1, P2, 

P3, and P4) across wavelengths and photogrammetry 
software were observed (Supplementary Materials, 
Figure S1). Similar to the single image data, the 
wavelengths in the high reflectance panel (P3 and P4) 
often displayed a DN saturation. For P1 and P2, the 
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photogrammetry software also showed high DN 
responses as flight altitude increased that led to 
saturation problems; however, the saturation changed 
as a function of photogrammetry software and 
location. For example, at the Pullman location using 
P2, both ImageBreed and Pix4D showed saturation in 
the blue and green wavelength, whereas at Dayton, 
only the blue wavelength exhibited saturation. 
Additionally, Drone Deploy displayed saturation in 
the red wavelength at Dayton, whereas at Pullman, 
both the red and green wavelengths were close to 
saturation (Supplementary Materials, Figure S1). 
These results suggest that panel DN response is 
influenced by flight altitude, photogrammetry 

software, and environment. Togeirode Alckmin et al. 
(2022) also found problems with DN saturation using 
high reflectance panels, and therefore, exclusively 
utilized dark panels for ELC. This observation aligns 
with the findings reported by Cao et al. (2019) where 
two panels of low reflectance were selected for 
reflectance calibration; also, Olsson et al. (2021) 
recommend using reflectance panels lower than 20% 
to prevent DN saturation and obtain a more reliable 
value to use in empirical line calibration. Based on 
these findings, we can conclude that panels with low 
reflectance effectively prevent saturation, and singly 
or in combination are suitable to convert DN into 
reflectance.

              
Figure 3 Multispectral reflectance pattern across flight altitudes using a single image  

             
Figure 4 Reflectance panel response after radiometric correction 



June, 2025                       AgricEngInt: CIGR Journal Open access at http://www.cigrjournal.org                       Vol. 27, No.2       276 

 
(a) Correlation coefficient between different reflectance panels (b) Correlation and linear trend of P2 (18%) and combined panels 

(P1:10% and P2:18%) 
Figure 5 Pearson’s correlation analysis 

3.3 Effect of radiometric correction across flight 
altitudes and photogrammetric software 

Based on previous results P1, P2, and the 
combination (P1 and P2) were used for radiometric 
correction on orthomosaics generated from different 
photogrammetric software and flight altitudes. When 
P1 and P2 were used either independently or in 
combination, the reflectance responses were 
satisfactory (Figure 4). There was a strong and 
statistically significant correlation between P1 and 
P1_P2 (r = 0.96, p <0.001, Figure 5a), with the 
highest correlation between single panel (P2) and the 
combined panels (P1_P2) (r = 0.99, p<0.001, Figure 
5a). This association was examined across flight 
altitudes and photogrammetric software at Pullman 
and Dayton locations (Figure 5b) and the correlation 
was significant at all altitudes and with all software. 

The radiometric correction using P2 was also 
compared with the reference panel at 1 m (P5). This 
comparison found a strong and significant correlation 
with Agisoft and Pix4D across altitudes (ranging 
from 0.93 to 0.99, with a p= 0.001, Supplementary 
Materials, Figure S2). Additionally, crop reflectance 
(radiometrically corrected with P2) was compared 
with the rescaled DN response. In addition to 

converting DN into physical data for data 
comparisons (Campbell and Wynne, 2011) and 
quantitative analysis (Smith and Milton, 1999), 
radiometric correction also plays a role in adjusting 
the reflectance ratios across different wavelengths 
that improves the reflectance estimation. For example, 
the RGB spectrum ratios were adjusted after 
radiometric correction (Supplementary Materials, 
Figure S3). 
3.4 Analysis of variance (ANOVA) of crop traits 
across flight altitudes and photogrammetric 
software 

After the generation of the orthomosaic and the 
implementation of radiometric calibration using an 
18% panel, the reflectance response exhibited 
variations across different flight altitudes (Figure 6). 
For example, notable variations were observed in the 
green, RE, NIR across the flight altitudes. However, 
Agisoft demonstrated lower variation and more 
consistent reflectance values across flight altitudes 
compared to Pix4D, ImageBreed, and DroneDeploy. 
The sensitivity analysis of VIs (NDVI, GNDVI, and 
NDRE) that involves green, red, RE, and NIR 
wavelengths indicated a highly significant impact of 
UAV flight altitude (Figure 6). This result is unlike 
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those reported in Hernández-López et al. (2012) 
where no atmospheric effect at GSD of 10 cm was 
observed across different surfaces including grass. 

Similarly, Rasmussen et al. (2016) also reported no 
effect of flight altitudes between 1 m to 100 m on VIs 
from winter barley (Horedum vulgare L.). 

                    
Figure 6 Crop reflectance response across flight altitudes, photogrammetric software and crop type. Values represent the mean of 30 

and 60 plots from pea and wheat trials, respectively 

 
Figure 7 Analysis of variance of vegetation indices across flight altitudes. Asterisks indicate the level of significance (*p< 0.5, **p< 

0.01, ***p< 0.0001) 
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Figure 8 Analysis of variance of vegetation indices and photogrammetric software. Asterisks indicate the level of significance (***p< 
0.0001) 

For Pix4D, ImageBreed, and DroneDeploy, the 
posthoc analysis revealed a significant increase in VI 
values as altitude increased. Jiang et al. (2020) also 
mentioned that the flight altitude affected the NDVI 
of paddy rice (Oryza sativa L.), however, in their 
study, the mean NDVI values increased as flight 
altitude decreased. Stow et al. (2019) reported no 
conclusive effect of flight altitude; however, in their 
study, the NDVI values from grasses and moss 
vegetation showed variation at the first 25 m, similar 
to this work. In the case of Agisoft, the VIs values 
remained relatively stable across altitudes for both 
trials (Figure 7).  

The photogrammetric software significantly 
affected the VIs responses across flight altitudes 
(p<0.0001). Among the software, Agisoft exhibited 

the highest VI values across altitudes and crop types, 
closely followed by DroneDeploy. This result is 
different from those reported by Kharuf-Gutierrez et 
al. (2018), where Agisoft yielded lower NDVI values 
in sugarcane (Saccharum officinarum L.) than Pix4D, 
unlike our results. Taddia et al. (2020) indicated a 
small variation in the seaweed NDVI frequency, 
distribution between Agisoft and Pix4D data, whereas 
Boon and Tesfamichael (2017) reported similar 
NDVI responses. On the other hand, ImageBreed and 
Pix4D produced lower VI values that were relatively 
consistent across most altitudes and crop types 
(Figure 8). Rasmussen et al. (2016) also reported 
significant variation in VIs as function of stitching 
software (Microsoft ICE and Pix4D). The variation in 
VIs may be a result of different photogrammetry 
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approaches used during image stitching and 
orthorectification. More details on Pix4D’s 
orthorectification process can be found in Strecha et 
al. (2008). 

The relationship between extracted VI data and 
yield data was also assessed in wheat trials. In general, 
Pix4D displayed the highest positive linear 
relationship between VIs and grain yield across 
different flight altitudes, followed by ImageBreed. 
However, it is worth noting that ImageBreed did not 
show a significant correlation at 25 m with the 

GNDVI and NDRE indices (Figure 9). In Avtar et al. 
(2020), 60 and 80 m flight altitude data showed better 
relationship with the oil palm (Elaeis guineensis Jacq.) 
biophysical parameters. In the current study, the 45 m 
and 75 m data were better correlated with seed yield 
than 25 m, especially with Pix4D software (Figure 9). 
In addition, there was comparable correlation when 
using either an 18% Labsphere panel or a 53% 
Misasense panel for radiometric correction with either 
Pix4D or Agisoft software (Figure 9).

 
Figure 9 Pearson correlation coefficient between wheat grain yield and vegetation using P2: 18% and P5: 53% panels. Asterisks 

indicate the level of significance (*p< 0.5, **p< 0.01, ***p< 0.0001) 

4 Conclusions 

In this study, we found that radiometric correction 
analysis using two reflectance panels (10% and 18%), 
alone or in combination, exhibited acceptable and 
consistent reflectance values for green, red, and red-
edge wavelengths without encountering saturation 
issues. Notably, strong linear associations were 
observed between the 18% panel and the Micasense 
panel (53%) when using Pix4D and Agisoft software. 
Furthermore, a sensitivity analysis revealed that the 
UAV flight altitudes across different software and 
crop types impacted the vegetation indices due to 
atmospheric and sensor effects. Generally, higher 
altitudes led to elevated VI values; however, this 
effect was minimal for VIs extracted from Agisoft. 

Additionally, the sensitivity analysis underscored the 
significant impact of each VI within the various 
software platforms. This information is of utmost 
importance for characterizing UAV multispectral data, 
as it involves pre-processing images and analysis of 
VIs to predict agronomic traits. 

Supplementary Materials: Figure S1: Rescaled 
digital number response from four reflectance panels 
(10%, 18%, 50%, and 99%), two locations (Pullman 
and Dayton), and four photogrammetric software 
(Agisoft, DroneDeploy, ImageBreed, and Pix4D); 
Figure S2: Crop reflectance correlation between panel 
of 18% (P2) and Micasense panel of 53% (P5) across 
altitudes and two photogrammetric software (Agisoft 
and Pix4D); Figure S3: Spectral plant reflectance 
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(radiometrically corrected with P2= 18%) and 
rescaled digital number across crop type, 
photogrammetric software, and flight altitudes. For 
this comparison, DN values were rescaled between 0 
to 100. 
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Supplementary Materials 

 
Figure S1 Rescaled digital number response from four reflectance panels (10%, 18%, 50%, and 99%), two locations (Pullman and 

Dayton), and four photogrammetric software (Agisoft, DroneDeploy, ImageBreed, and Pix4D). 

 
Figure S2 Crop reflectance correlation between panel of 18% (P2) and Micasense panel of 53% (P5) across altitudes and two 

photogrammetric software (Agisoft and Pix4D). 
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Figure S3 Spectral plant reflectance (radiometrically corrected with P2= 18%) and rescaled digital number across crop type, 

photogrammetric software, and flight altitudes. For this comparison, DN values were rescaled between 0 to 100. 
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