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Abstract
Purpose  Digital technologies have significantly improved nitrogen (N) fertilizer optimiza-
tion in precision agriculture. A limitation of existing crop N detection approaches is that 
they primarily focus on above-canopy spectral measurements, overlooking the potential 
insights from lower canopy levels, which may more accurately reflect N stress through 
spectral reflectance associated with differential pigment expression.
Methods  This study introduces high-resolution Red, Green, and Blue (RGB) under-canopy 
imaging of maize (Zea mays L.) to assess in-season N fertilizer application at high spatial 
resolution using a 30 frames/sec acquisition rate. Utilizing a purpose-built field robot, devel-
oped specifically for this study and equipped with a digital RGB camera, field trials were 
conducted across Minnesota and New York with varying N rates. Analysis using multiple 
thresholding methods for the (R-B)/(R+B) index from images captured during day and night 
revealed a strong correlation between under-canopy images and applied N rates.
Results  R2 values reached up to 0.78 in daytime and 0.92 under nighttime conditions. Semi-
variogram analysis indicated a range of influence of less than 6 m and showed that N stress 
spatial patterns are most pronounced with low N levels. Maps were generated based on 6-m 
field sections to represent field variability of N stress.
Conclusion  These findings suggest that high-resolution under-canopy RGB imaging is a 
viable, lowcost method for detecting maize N status with very high spatial resolution, offer-
ing a new perspective for precision agriculture.

Keywords  Precision agriculture · Nitrogen management · Under-canopy imaging · 
RGB · Robotic field sensing

Introduction

Nitrogen (N) is a crucial nutrient for the growth of field crops. N Fertilizer constitutes an 
average of 36% of a farmer’s operating costs for maize production. In recent years, agri-
culture has been the single largest source of N compounds entering the environment in the 
United States, accounting for 73% of nitrous oxide emissions, 84% of ammonia emissions, 
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and 54% of nitrate losses (Ribaudo et al. 2011). Notably, excessive crop nitrogen applica-
tion above the economic optimum N rate (EONR) leads to groundwater contamination, 
environmental pollution that degrades coastal aquatic ecosystems, and contributes to global 
warming through nitrous oxide emissions. A component of an efficient farming strategy 
is the precise detection and characterization of plant deficiencies followed by the proper 
corrective application of fertilizers. But precision nitrogen management in crop production 
remains a “wicked problem” due to challenges to estimate the EONR that are complicated 
by variable site-specific production conditions (esp. weather) and the need to balance pro-
ducer and environmental risks (Correndo et al., 2021; van Es et al., 2007a, 2007b).

Modern precision agriculture techniques may achieve positive financial and environ-
mental results (Alivernini et al., 2018; Pasuquin et al., 2014). Image-based sensing tools 
for crop biomass and canopy characteristics are widely available (Wang et al., 2022; Xue 
et al., 2004; Zhang et al., 2020) and generally employ satellite, aircraft, or more recently 
unmanned aerial vehicles (UAVs) (Cai et al., 2019; Campolo et al., 2022; Fan et al., 2022; 
Gilliot et al., 2021; Sharifi, 2020). Alternatively, dynamic modeling technologies can pro-
vide N fertilizer recommendations accounting for the seasonal conditions using climate 
data and field-specific information on crop and soil management (e.g., Adapt-N; Melkonian 
et al., 2017). Combining field-based sensing with dynamic models may provide comple-
mentary information, especially for the purpose of mid-season N applications. Therefore, 
utilizing an ensemble strategy can enhance economic and environmental benefits (Abit et 
al., 2018; Griffin et al., 2018).

Spatially variable rate application is typically based on sensors to assess N requirements 
(Shaver et al., 2010; Stamatiadis et al., 2010; Tremblay et al., 2009; Xiong et al., 2018). Fre-
quent and high-resolution data acquisition and correct interpretation for accurate and precise 
application of fertilizer-N can thereby lead to improved N use efficiency, which is especially 
desirable in maize and some cereal crops that require high N amounts for optimum yields 
(Chen & Wang, 2022; Davies et al., 2020; Ogunboye et al., 2020; Prey & Schmidhalter, 
2019). Current satellite images are generally low resolution for spatial field applications 
(10–20 m) and are not consistently available due to long flyover intervals and additional 
time gaps during critical growth stages due to cloudy conditions. Aircraft and UAVs are also 
influenced by weather conditions and operator issues (Putra & Soni, 2020) and are more 
expensive to employ. Although above-canopy spectral reflectance imaging in some cases 
may still be an effective and non-destructive chlorophyll sensing approach, it considers the 
upper canopy as a homogeneous horizontal plane (He et al., 2020; Winterhalter et al., 2012) 
and does not account for the substantial upward variation of N content in leaves.

The RGB spectrum is useful in capturing changes in the relative expression of pigments 
in plants. Chlorophylls principally absorb light in the Blue and Red range and therefore 
reflect prominently in the Green. Chlorophylls contain nitrogen and are not very stable 
compounds that need to be continuously synthesized. They are therefore most strongly 
associated with N availability in a leaf. Carotenoid pigments primarily absorb in the Blue-
Green wavelength range and reflect primarily in the Green–Red (yellow). Carotenoids are 
more stable and persistent than chlorophylls and when the latter is lost from the leaf due 
to N stress, the yellow carotenoids become more prominent (Demetriades Shah & Court, 
1987; Wu et al., 2019). Due to physiological preference for resource allocation to upper 
leaves in maize plants, chlorophyll deficiency and differential pigment expression is most 
prominently expressed in the lower canopy (Chen & Wang, 2022; Geng et al., 2022). I.e., N 
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deficient maize shows chlorophyll loss as a general progression of yellowing (chlorosis) and 
paling of older leaves from the bottom of the plant. A correlation therefore exists between 
the RGB reflectance spectra and leaf nitrogen status. The latter is difficult to assess from 
above because (i) early season canopy images are dominated by the soil background and 
plants typically do not exhibit stress yet, or (ii) in more developed canopies, the image is 
dominated by upper leaves and lower leaves are mostly hidden.

Image acquisition is the initial phase where the object of interest is captured through a 
digital camera and collected images are stored for further analysis and interpretation. Recent 
studies have successfully evaluated the N status of vegetation by using digital cameras for 
direct-leaf measurement (Anderson et al., 2016; Shannon et al., 2018; Shi et al., 2020). 
However, due to the complexity of field environments, including different crop growth 
stages, the identification of N status in maize remains challenging with currently available 
technologies through above-canopy-based sensing. To the best of our knowledge, there are 
no embedded camera systems available for farming vehicles that can transfer high-resolu-
tion video imagery from the under-canopy position directly for analysis. Collecting continu-
ous imagery (video) from an under-canopy position during mid-growing season using RGB 
cameras on field robots may be a promising low-cost approach for N deficiency detection 
at high spatial resolution, especially when field passes for N stress detection and sidedress 
applications can be combined with other agronomic practices like cover crop interseeding 
and weed escape detection and control. Therefore, the primary objective of this study is to 
assess the effectiveness of a robot-mounted RGB imaging system in detecting within-field 
variability of N deficiency in maize through high-resolution under-canopy imaging. By ana-
lyzing spatial patterns of normalized difference (ND) color indices derived from RGB imag-
ery captured at 30 frames/sec, we aim to determine the sensitivity of RGB-derived indices 
in identifying N stress at varying spatial scales and N application rates.

Materials and methods

This study was conducted under field conditions with four different N rate experiments 
where the (R − B)/(R + B) normalized difference (ND) color index was used to assess field 
variability within and among N rate treatments. The study sites involved maize production 
and were located on a research farm in Minnesota (Rosemount, MN: 44.71N, 93.08W) 
in 2019, a research farm in New York (Aurora, NY: 42.72N, 76.65W) in 2020, and two 
commercial farms in New York (Geneseo, NY: 42.47N, 77.48W; Covington, NY: 42.51N, 
78.06W) in 2022. Agronomic details on the experimental sites are summarized in Table 6 
(Appendix).

The Minnesota site is characterized by a continental climate with cold, often frigid win-
ters and hot, humid summers. Growing degree days (GDD) accumulation (base 10  °C) 
between the planting date (20 May 2019) and sampling date (18 July 2019) was 592 
(Table 7, Appendix). The site’s soil is mapped as Waukegan silt loam (Fine-silty over sandy 
or sandy-skeletal, mixed, superactive, mesic Typic Hapludolls). The nitrogen rate plots were 
20 m wide and 90 m long. The New York research farm site is characterized by a humid 
continental climate, and accumulated 693 GDD between the 2020 planting date (22 May) 
and the sampling date (15, 22, and 29 July). The site is mapped as Kendaia-Lyons silt loam 
(Fine-loamy, mixed, semiactive, nonacid, mesic Aeric Endoaquepts; 38.8% of field area), 
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and Lima silt loam (Fine-loamy, mixed, semiactive, mesic Oxyaquic Hapludalf; 61.2% of 
field area), respectively (WSS, 2022).

The New York commercial farm sites (Geneseo, NY and Covington, NY) accumulated 
637 GDD between the 2022 planting date (14 May) and the sampling date (25 July). The 
Geneseo field was mapped as Conesus silt loam (Fine-loamy, mixed, active, mesic Glos-
saquic Hapludalfs, 100% of field area), and the Covington field was mapped as Appleton 
gravelly silt loam (Fine-loamy, mixed, active, mesic Aeric Endoaqualfs; 48.8% of field 
area), Conesus gravelly silt loam (Fine-loamy, mixed, active, mesic Glossaquic Hapludalfs; 
44.5% of field area), and Burdett silt loam (Fine-loamy, mixed, active, mesic Aeric Endo-
aqualfs; 6.7% of field area) (WSS, 2022).

The Minnesota trial included five N rates: 58, 100, 143, 225, and 271 N kg ha−1 (30% 
UAN), in spatially-balanced randomized complete block designs (van Es et al., 2007a, 
2007b) with three replicates (Fig. 1). The nitrogen rate blocks were 8 rows (6 m wide). In 
the year prior to the study, the Minnesota site had been planted with wheat (Triticum aesti-
vum L.). At the Aurora, NY site, two N rates were used: 90 and 145 kg ha−1 (30% UAN) in 
2020, with a systematic design in four replicates (Fig. 1). The nitrogen rate plots were 24 
rows (20 m) wide and 136 m length in 2020 and had been planted with maize in the years 
prior to the study (Table 6, Appendix). The highest N rate (145 kg−1) was recommended by 
the Adapt-N software (Ever.Ag; Lewisville, Texas; Melkonian et al., 2008), and the lower 
rate (90 kg ha−1) targeted mild nitrogen stress levels. The 2020 season was an unusually dry 
season during June and early July, a critical period for N gains and losses (Sogbedji et al., 
2001), which presumably reduced the N stress from the lower rate. At the NY commercial 

Fig. 1  Detailed layouts of N application trials conducted at four locations showing the experimental plots 
and the direction of imaging. In Minnesota, the site features horizontal bands indicating nitrogen applica-
tion rates from 58 to 271 kg ha−1, with imaging direction running from west to east. The New York sites 
include: Aurora, with bands illustrating two N application rates of 90 and 145 kg ha−1, imaged from east 
to west; Covington, showing a grid layout with N rates ranging from 0 to 160 kg ha−1, imaged from south 
to north; and Geneseo, where a similar grid layout presents N rates from 0 to 132 kg ha−1, also imaged 
from south to north. The colored blocks represent different N application rates, and the arrows denote the 
direction of imaging across the experimental plots (Color figure online)
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farms in 2022, four N rates were used (0, 60, 96, 132 N kg ha−1; 30% UAN) at the Geneseo 
field laid out in a completely randomized design in three replicates, and four N rates were 
used (0, 60, 100, 160 N kg ha−1; 30% UAN) at the Covington in a field spatially-balanced 
randomized complete block designs (van Es et al., 2007a, 2007b) (Fig. 1). The nitrogen rate 
plots were 48 rows (40 m) wide and 110 m long, and 12 rows (10 m) wide and 144 m long 
in the Geneseo and Covington fields, respectively. The sites had in the previous year been 
planted with forage small grains plus legume, and maize in the Geneseo and Covington 
fields, respectively. The Covington field had received pig (Sus scrofa domesticus) manure 
slurry (36,819.8 L ha−1) during the previous fall.

The N rates were designed to reflect site-specific agronomic objectives and environmen-
tal conditions. In Minnesota (2019), the gradient (58–271 kg N ha⁻1) tested ND’s response 
across deficiency-to-excess extremes in high-fertility silt loam soils. At Aurora, NY (2020), 
Adapt-N recommendations (145 kg ha⁻1) and suboptimal rates (90 kg ha⁻1) assessed ND’s 
sensitivity under mild stress in a drought-affected season. For NY commercial farms (2022), 
lower rates (0–160 kg ha⁻1) accounted for residual N from legumes/fall manure, mimick-
ing sustainable practices. This variability ensured the proposed method’s sensitivity across 
heterogeneous soils, climates, and management systems, critical for scalable precision N 
management.

Mobile platform for RGB image collection

This section provides an overview of the methodologies and materials employed in the 
purpose-built construction of the mobile platform, a prototype ground robot. The platform 
was designed to operate under real field conditions, with adjustable mobility (speed, path 
control) to ensure standardized imaging and minimized errors. While the term"robot"may 
imply full autonomy, the prototype system is a human-guided platform optimized for pre-
cise, repeatable data acquisition. The processes involved in assembling the ground robot, 
integrating its control and sensing systems, and developing the software and applications 
required for its remote operation are outlined. The roles and functionalities of these compo-
nents are shown in Table 8 (Appendix), providing an overview of the software and hardware 
used in the building process and their function.

Mobility design and assembly

The robotic mobility system was designed to effectively navigate through row-crop (maize) 
fields, prioritizing stability, maneuverability, and the ability to capture continuous imagery 
in the under-canopy environment. The robot's design was based on common maize field 
requirements and was created using computer-aided design (CAD) software (Autodesk 
Inventor Professional, 2022). Additionally, simulation of the robot's movements was per-
formed using Blender (Blender, 2022). The robot has dimensions of 600 mm width, 670 mm 
length, and 320 mm height. The motors were chosen to ensure they provide the necessary 
propulsion for navigating field terrain. The mechanical structure and technical drawings 
of the robot are shown in Fig. 2. The locomotion was facilitated by four distinct motors, 
each powered by batteries with voltage regulators to ensure a consistent energy supply. 
Raspberry Pi was utilized for remote control and real-time video feed, which relayed visual 
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driving data through a custom-developed application. Unity's UI components were used to 
create an interface with joystick controls and other elements to control the robot.

Control system and sensing

Central to the robot's operation is a control system, comprising a RoboClaw motor controller 
(Basicmicro, 2023). An Arduino Mega 2560 Rev3 (Arduino, 2023) microcontroller board 
was used to program and test various motor control algorithms. The board was chosen for 
its flexibility and compatibility with the RoboClaw 2 × 30 A motor controller, which made 
it easy to communicate with the controller and program custom motor control logic. This 
setup enabled precise control over the robot's movements, allowing for the execution of 
complex navigation algorithms necessary for operation in the field. A GoPro7 Black camera 
was mounted on the robot for high-resolution RGB video image processing. This approach 
ensured that detailed visual datasets could be collected efficiently during field navigation 
and analyzed post-mission to extract valuable insights.

High-resolution image collection and processing

Continuous imagery was acquired with a GoPro7 Black camera mounted on the robot, with 
images saved in video file (.MP4) format with 2704Wx2028H, 24-bit RGB color resolution, 
and video recorded at 30 frames per second (fps). The steps for the image processing for a 
maize N status detection algorithm under field conditions included (1) Collection of RGB 

Fig. 2  Purpose-built field robot technical drawings and photographs. a-1: Front view highlighting key 
components. a-2: Rear view highlighting key components. b-1: Assembled robot frontal view with sens-
ing camera and LED lighting. b-2 Field operation in maize. An accompanying video (Online Resource 1, 
named Robot.mp4) provides a dynamic illustration of the robot's operational capabilities to collect field 
imagery data
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video imagery in daytime or nighttime, in both cases with LED lighting (previous studies 
showed benefits of supplemental LED lighting in daytime); (2) Extraction of the integral 
frames of recorded videos; (3) Applying filtering thresholds to remove undesirable back-
grounds; (4) Extracting RGB color patterns from each pixel of a whole image, and saving 
the extracted color patterns as numerical Digital Number (DN) values for further statistical 
analysis; (5) Creating the metadata from extracted frames with GPS locations; (6) Final 
classification of created data for adjustable spatial resolution of desired management scale, 
and (7) Conducting statistical analyses. Steps 2, 3, and 4 were conducted using the purpose-
built image processing software Leaf-N™, which was created for this study to analyze 
nitrogen stress through under-canopy RGB imagery.

RGB video image collection in daytime and nighttime

Light intensity changes during the day and the proposed N sensing algorithm aims to be 
applied under any light conditions. Continuous image collection was achieved at a con-
sistent robot speed of 1.5 m/s and maize rows were recorded in progressive scans with 
supplemental LED light from a front-mounted panel (Dazzne D45 C, 14 inch Key Light 
with 5500 K 45W 19000 Lux CRI 96; Fig. 2).

Extracting video frames, image filtering, and RGB processing

From each video, the image frames were extracted in the order of recorded video as"integral 
frames", which means that each frame is being extracted for further processing. The total 
number of extracted frames depended on video length, and thereby the length of the scanned 
maize row. For example, if the N plot is 100-m length, the robot completes the data collec-
tion at 30 fps in 66.6 s, yielding a total of 1998 extracted images. After image extraction, 
thresholding was applied to the original images before RGB digital numbers (DNs) were 
obtained. The 30-degree upward angle of the camera position on the robotic ground vehicle 
required filtering of sky pixels, which was done by excluding RGB values greater than 150 
(i.e., 151–255; Fig. 16, Appendix). Part of the images also included pixels representing soil 
which were filtered out by applying an HSV color model on extracted images to precisely 
remove soil pixels (Fig. 16c, Appendix). Thresholding limits can be arranged using the first 
extracted frame and applied to the rest of images automatically in the Leaf-N™, software, 
which overcomes the limitations of thresholding methods in standard commercial image 
processing algorithms.

Metadata from extracted frames with GPS locations

GoPro writes metadata in their proprietary open-source Go-Pro Metadata Format (GPMF) 
which is written as a track (video and audio) that runs in parallel so that the data matches 
up correctly. Video files have metadata for the complete video and for different times in 
the video (e.g., GPS values). These metadata hidden in each frame were extracted from the 
videos using the EXIF tool (ExifTool; Harvey, 2022).
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Data classification at adjustable spatial resolution

In this context, the term frame classification refers to the process of precisely locating each 
extracted image within the scanned row in the field and accurately classifying it to obtain 
the desired resolution. As the vehicle speed was around 1.5 m/s, the RGB values of each 
row spanning a 6 m distance at 30 fps represent the ND values of 120 images. Frame clas-
sification is used in the process of calculating the degree of spatial overlap between succes-
sive video frames. It is used to sequence video frames by calculating spatial shifts in row 
directions from one frame to the next. This is highly time consuming and has limitations 
on accuracy, and we therefore developed a two-step image processing method. The first 
involves creating metadata with extracted GPS locations for each frame. The second adapts 
the embedded metadata information to the frames recorded between maize rows. Then clas-
sification was done within the extracted RGB pixel values (DN’s) of each frame with their 
precise locations, regardless of the processing time needed.

Normalized difference color intensity (R-B/R + B) model

Normalized difference color intensity refers to the calculated value of the (R-B)/(R + B) 
index, which was found to be the most valuable RGB-derived index for lower-canopy maize 
N sensing. This study presents a fast process that is adaptable to different management 
scales. For this, data generated from the previous process were incorporated into new func-
tions and algorithms that perform accurate image processing for the specific purpose of 
N sensing from an under-canopy perspective. Geo-referenced image data, with extracted 
features involving n frames in order of 1, 3, 5,..., n, were compiled in RGB color space 
and saved as 30 observations in every 1.5 m row distance sequence. The features of each 
frame were automatically saved in the same order as they appeared during frame creation 
in the form of image data. First, average RGB values were normalized for each image and 
the (R-B)/(R + B) index was derived to represent maize N stress. An average Normalized 
Difference (ND; R-B/R + B) of 30 images was assigned to every 1.5 m section of scanned 
maize row. Then, Eq. 1 was applied sequentially, resuming after every 30 images until the 
final extracted frame:

	
ND =

((R1.jpg + R2.jpg + R3.jpg+ . . . . . . . . . . + R30.jpg) − ((B1.jpg + B2.jpg + B3.jpg . . . . . . . . . . + B30jpg))
((R1.jpg + R2.jpg + R3.jpg+ . . . . . . . . . . + R30.jpg) + ((B1.jpg + B2.jpg + B3.jpg . . . . . . . . . . + B30.jpg)) � (1)

where ND represents the average ND value calculated for a 1.5-m scanned distance along 
the row.

The steps of this process can be broken down as follows: (1) Extracting: The extracted 
images are divided into groups of 30, (2) Normalization: For each group of 30 images, the 
average normalized color intensity is calculated, (3) Spatial Assignment: The calculated 
average intensity of each group is assigned to every 1.5 m of scanned row, and (4) Sequen-
tial Application: The process repeats from step 2 for the next group of 30 images until the 
final frame is extracted. These ND values were calculated for every 120 images as an aver-
age Normalized Difference (ND; R-B/R + B) value. Finally, these ND values were assigned 
to every 6 m section of the scanned maize row.
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Interactive RGB video data visualization

The raw RGB video data was first used to extract individual frames before thresholding. For 
each frame, the average RGB values were calculated to obtain a quantitative measure of the 
color properties of the maize leaves. These RGB values were then used to create a color-
coded map that visualizes the spatial distribution of color properties across the field. The 
geo-location of the robot platform and the speed of the robot were used to align the frames 
and reconstruct the field of view in a spatially accurate way. The location of the robot in the 
field, as well as the direction of sampling, were also recorded to allow for precise spatial 
referencing of the data. An interactive video interface was developed (Fig. 3) that includes 
the original RGB video (top left), the filtered RGB video (main image), the average RGB 
values of each frame and ND values for each set of 30 frames (top center), as well as the 
geo-location, speed of the robot, sampling direction, distance in row, and other metadata 
associated with each frame. This allows for the exploration of the spatial and temporal 
variation of color properties of the under-canopy maize rows in a more engaging and infor-
mative way in real-time. The color-coded map, along with the metadata associated with 
each frame, provides a valuable tool for site-specific N management.

Statistical analysis

The (R-B)/(R + B)-based ND index (representing normalized difference color intensity) 
from the image data was analyzed using the R statistical language (version 4.2.2; R Core 
Team, 2022) packages ggthemes (version 4.2.4; Arnold, 2021), effectsize (version 0.8.2; 
Ben-Shachar et al., 2022), datawizard (version 0.6.4; Patil et al., 2022), and ggplot2 (ver-
sion 3.4.0; Wickham, 2016). Analysis of variance (ANOVA) was used to analyze significant 

Fig. 3  Visualization of maize canopy analysis through RGB video data processing. This interface show-
cases the integration of processed RGB video data with spatial metadata for enhanced under-canopy crop 
monitoring, including (1) the original and filtered RGB video frames, highlighted with a white box; (2) 
color-coded mapping based on average RGB and ND values for sets of frames; and (3) essential metadata 
such as geolocation, robot speed, and sampling direction
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differences among applied N rates. Prior to conducting ANOVA, assumptions of normality, 
homogeneity of variance, and independence of residuals were assessed and met. Three lin-
ear model regressions were employed to determine the strength of the relationships between 
the N rates and ND in the Minnesota and New York multi-N rate experiments. lm1: based 
on plot treatment means only; lm2: accounting for block effects (removing larger-scale field 
spatial variability), and lm3: based on individual image observations. The coefficient of 
determination (R2) was used to compare the performance of the (R-B)/(R + B)-based ND 
index. Tukey’s Honest Significant Difference (HSD) test was conducted at a significance 
level of α = 0.05 for mean comparisons.

Geostatistical analysis (Yates & Warrick, 2002), including the calculation of sample var-
iograms, was performed using ArcGIS Pro Geostatistical Wizard 3.0.1 (Esri, 2021) to assess 
the structure of local dependence, as characterized by fitted semivariograms models. The 
aim of the semivariograms analysis was to characterize the local spatial structure of ND 
index values in a field, rather than to predict values at unsampled locations. The spatial 
structure of the leaf color response was separately evaluated for each N rate because spatial 
variances and autocorrelations were expected to be nonhomogeneous among N rates. The 
semivariograms were developed based on a lag distance of 0.5 m and a total of 90 lags. Set-
ting the lag distance to 0.5 m allowed for the capture of spatial variability within each N rate 
treatment plot and identify distinct spatial structures or patterns at that scale. The non-trend 
spherical model was applied to the semivariograms, defined as a piecewise function (Eq. 2):

	
γ (h) =

{
C0 + C1

[
1.5

(
h
a

)
− 0.5

(
h
a

)3
]

, for 0 ≤ h ≤ a

C0 + C1, for 0 ≤ h ≤ a
� (2)

where h is the separation distance, a is the range, C0 is the nugget (effect), and C1 is the sill 
variance component (Yates & Warrick, 2002). These parameters were derived to charac-
terize the spatial structure of variability in the (R − B)/(R + B)-based ND index values for 
different N rates. Although alternative models (e.g., exponential, Gaussian, linear) were 
considered and tested, the spherical model was adopted across treatments to maintain con-
sistency in parameter interpretation. The spherical model was also found to provide reliable 
fits across most treatments based on visual and residual diagnostics.

N stress mapping

Maps were developed using the ArcGIS Pro software (Esri, 2021) to visualize the spatial 
distribution of the (R-B)/(R + B)-based ND index values. A resolution of 6-m was chosen 
based on the semivariogram analysis, which identified the appropriate sampling size neces-
sary to accurately capture the spatial variability of the scanned row. Additionally, previous 
power analysis results (Bestas et al., 2025) were used when determining the resolution, as 
they provided additional guidance on the ideal sampling size. In addition to traditional 2D 
mapping, metadata extraction capabilities were utilized to generate 3D mapping of the field, 
facilitating detailed field inspection (see"mapped.mp4"in Online Resource 2).
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Results and discussion

Across four field trials in Minnesota and New York, each with distinct environmental and 
management conditions, the R and B-based ND index values consistently decreased as 
applied N rates increased under both daytime and nighttime imaging conditions. The low-
est N treatments were associated with the highest ND values, reflecting more pronounced 
chlorophyll depletion in the lower canopy. Nighttime imaging produced more stable ND 
measurements and stronger correlations with N rates, likely due to reduced ambient light 
interference. These findings demonstrate that under-canopy RGB imaging is capable of cap-
turing meaningful spatial and temporal variation in leaf pigment expression and crop N 
status, influenced by both N availability and environmental variability.

This observed spectral response aligns with prior studies that used visible bands to esti-
mate plant nitrogen status and chlorophyll levels (Dutta et al., 2015; Pagola et al., 2009; 
Yadav et al., 2010; Yue et al., 2021). Virtanen et al. (2022) reported that yellowing leaves 
show increased reflectance in the red band with less change in the blue band, supporting 
the ND formulation used here. It also implies that visual differences in leaf “greenness” are 
actually less expressed in the G band itself. Additional studies (Brodersen & Vogelmann, 
2010; Liu et al., 2021; Xiao et al., 2016; Zhang et al., 2020) support the differential role of 
R and B bands in detecting N-related pigment changes. Dong et al. (2020) also highlighted 
how growth stage influences N response, consistent with the decreasing ND differences 
observed between early and late sampling dates (DAP54 to DAP66). Our findings agree 
with those of Bajwa et al. (1999) and Xu et al. (2021), reinforcing the ND trend across 
growth stages and N rates.

ND and N rates in multi-rate Minnesota trial

Table 1 shows descriptive statistics of the ND (R-B/R + B) index by N rate (58, 100, 143, 
225, 271 kg N ha−1) for the Minnesota trial. Tukey’s HSD test showed that the ND index dif-
fered significantly by N rate (p < 0.05), and the ND index gradually decreased with increased 
N rate (from 0.247 for 58 kg ha−1 to 0.178 for 271 kg ha−1; R2 = 0.82). Based on an ANOVA 
model, the main effect of N is statistically significant (p = 0.016; Eta2 (partial) = 0.75, 95% 
CI [0.23,1.00]). Table 2 shows the relationship between ND values and applied N rates 
through three linear mixed model analyses: lm1 (based on plot treatment means only), lm2 
(accounting for block effects and removing larger-scale field spatial variability), and lm3 
(based on individual image observations). The marginal R2 considers only the variance of 
the fixed effects (without the random effects), while the conditional R2 takes both the fixed 
and random effects into account. For 6-m resolutions, the findings are as follows; for the 

Table 1  Descriptive statistics (mean(sd)) of (R-B)/(R + B) based ND index and N rates (58, 100, 143, 225, 
271 N kg ha−1) in Minnesota using Tukey HSD
Field GS† N rates kg ha−1 ND (R-B/R + B) mean (sd)‡
MN V16 58 0.247(0.05)a

100 0.227(0.04)ab
143 0.209(0.04)b
225 0.213(0.03)b
271 0.178(0.02)c

†GS: Growth Stage. ‡Based on model < -ANOVA (mean ~ block + treatment, data = means), α = 0.05
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linear model lm2 (accounting for significant block effects, based on mean values), the total 
explanatory power was high (conditional R2 = 0.82) while the component related to the fixed 
effects alone was lower (marginal R2 = 0.32) (Fig. 4).

ND index and applied N rates in two-rate trial, Aurora, NY-2020

The ND (R-B)/(R + B) index with N rates 90 and 145 kg N ha−1 (Adapt-N-based and Adapt-
N minus 55 kg N ha−1) for multiple dates showed that the index varied significantly by N 
rate (p < 0.05); the ND index had the highest mean value in the lower N rates (0.285, 0.111, 

Table 2  Linear mixed model for ND by N rates and block effect in Minnesota
Model (R-B)/R-B) based ND

6-m
P R2

lm1  < 0.001 0.47
lm2  < 0.001 0.82
lm3  < 0.001 0.47
Observations 23,280
lm1 <—lm(RGBmean ~ treatment, data = plot_means); lm2 <—lm(RGBmean ~ block + treatment, 
data = plot_means); lm3 <—lm(ND ~ treatment, data = individual_images)
A total of 23,280 frames were extracted from videos (~ 1,560 frames × 15 plots), and ND values were 
calculated by averaging every 120 frames, resulting in 13 ND observations per plot (6 m resolution). 
This yielded a total of 195 ND values (13 × 15). For lm1 and lm2, the 13 ND values per plot were further 
averaged to obtain one RGB mean per treatment-block combination. Thus, both lm1 and lm2 were based 
on 15 observations (5 N rates × 3 blocks), enabling valid estimation of treatment and block effects. RGB 
mean represents the averaged ND value per treatment-block combination. For lm3, the model used all 195 
individual image-based ND values without aggregation to capture within-plot variability

Fig. 4  Relationship between the (R–B)/(R + B)-based ND index and applied nitrogen rates (58, 100, 143, 
225, and 271 kg N ha⁻1) in the Minnesota 2019 trial. Each point represents a 6-m ND observation, color-
coded by block. Black circles represent treatment-level means averaged across three blocks (n ≈ 39 ND 
values per rate), 58 kg N ha⁻1 = 0.247 ± 0.050; 100 kg N ha⁻1 = 0.227 ± 0.040; 143 kg N ha⁻1 = 0.209 ± 0.040; 
225 kg N ha⁻1 = 0.213 ± 0.030; 271 kg N ha⁻1 = 0.178 ± 0.020. The fitted regression line is based on the lm2 
model (ND ~ block + treatment) using plot-level means. The regression line and coefficient of determina-
tion (R2 = 0.82) are based on the lm2 model
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0.115 for 90 kg N ha−1 and 0.243, 0.07, 0.10 for 145 kg N ha−1 at DAP = 54, DAP = 60, 
DAP = 66, respectively) and decreased with N rate (Table 3; Fig. 5). An ANOVA was con-
ducted to compare the effect of N rates on the ND index. There was a significant effect of 
N rates on ND values (p < 0.001). Mean (R-B)/(R + B)-based ND index values for the lower 
N rate were significantly different than the higher N rate. Specifically, results suggest that 
maize leaves express higher color intensity in B and R bands when they experience lower 
levels of N.

ND index and applied N rates in multi-rate on-farm trials

For the Covington, NY 2022 trial, the ND index varied significantly by N rate (p < 0.05). 
(R-B)/(R + B) had the highest mean value in the lowest N rates (0.221 for 0 ha−1; Table 4; 
Fig. 6) and decreased with increasing N rate. Based on the ANOVA results, the main effect 
of N supply on color intensity value (ND) was statistically significant while the main effect 
of block was not significant. An analysis of variance based on linear regression indicated 
a statistically significant effect on ND of N rates (p < 0.001). The model included Block as 

Table 3  Descriptive statistics (mean(sd)) of ND index
Field GS† N rate

kg ha−1
R−B
R+B

 ‡ 

Aurora, NY 2020 DAP54 90 0.285(0.01)a
145 0.243(0.01)b

DAP60 90 0.111(0.01)a
145 0.07(0.01)b

DAP66 90 0.115(0.01)a
145 0.10(0.01)b

(0, 145 kg N ha−1) and growth stages (DAP54, DAP60, DAP66 in Aurora, NY 2020. ‡Based on 
model < -ANOVA (mean ~ block + treatment, data = means), α = 0.05. Each of the 8 plots (2 N rates × 4 
blocks) in the Aurora, NY 2020 trial was 136 m long and recorded at 30 FPS, yielding ~ 2,720 frames per 
plot per sampling date. ND values were calculated every 120 frames (6 m), resulting in ~ 23 values per plot 
per date and ~ 552 total values across three dates (DAP54, DAP60, DAP66). One aggregated ND value per 
plot was used in each ANOVA (n = 8)
†DAP: Day after planting

Fig.  5  (R-B)/(R + B)-based ND index values for nitrogen rates (0, 145 kg N ha−1) and growth stages 
(DAP54, DAP60, DAP66) in Aurora, NY 2020. Each point represents a 6-m ND observation color-coded 
by block. Black circles represent treatment-level means averaged across four blocks (n ≈ 92 ND values 
per N rate per date) (Color figure online)
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a random effect (formula: 1| block). A simple linear regression (based on plot treatment 
means only; Fig. 6 was conducted to predict the under-canopy ND color based on applied 
N rates (formula: mean values of ND (120 images) ~ N rates). The model explains a statisti-
cally significant and substantial proportion of variance (R2 = 0.78, p = 0.002). The model's 
intercept, corresponding to a nitrogen rate of 0, was estimated to be 0.23 (95% CI [0.22, 
0.23], p < 0.001).

The Covington trial exhibited nearly identical values for conditional (0.772) and mar-
ginal R2 (0.781). This suggests that block-level variability contributed little to the explained 
variance at Covington, with most of the variation in ND values explained by fixed N rate 
effects. This difference likely reflects lower spatial heterogeneity in the Minnesota vs. Cov-
ington field, including higher organic matter content (2.8%) and fine-silty soil variability, 
combined with a wetter growing season (652.9 mm rainfall). In contrast, Covington had 

Table 4  Linear models for ND by N rates and block effect in Covington NY-2022
(R-B)/R-B) based ND
Model p R2

lm1  < 0.001 0.781
lm2  < 0.001 0.772
lm3  < 0.001 0.201
Each of the 12 experimental plots in Covington, NY 2022 (4 N rates × 3 blocks) was 144  m long and 
recorded at 30 fps, producing approximately 2,880 frames per plot. ND values were computed every 120 
frames (6-m resolution), resulting in ~ 24 ND observations per plot and ~ 288 total ND values across the 
trial
lm1 <—lm(RGBmean ~ treatment, data = plot_means); lm2 <—lm(RGBmean ~ block + treatment, 
data = plot_means); lm3 <—lm(ND ~ treatment, data = individual_images). For lm1 and lm2, the ~ 24 ND 
values per plot were averaged to obtain one RGBmean per treatment × block combination. RGBmean 
represents the averaged ND value per treatment-block combination. Thus, both lm1 and lm2 were based 
on 12 observations (4 N rates × 3 blocks). The lm3 model used all ~ 288 unaggregated ND values to assess 
within-plot variability

Fig. 6  Relationship between the (R–B)/(R + B)-based ND index and applied nitrogen rates (0, 60, 100, 
and 160 kg N ha⁻1) in the Covington, NY 2022 trial. Each point represents a 6-m ND observation colored 
by block. Black circles represent treatment-level means averaged across three blocks (n = 72 ND values 
per rate), 0 kg N ha⁻1 = 0.228 ± 0.012; 60 kg N ha⁻1 = 0.205 ± 0.008; 100 kg N ha⁻1 = 0.201 ± 0.040; 160 
kg N ha⁻1 = 0.185 ± 0.008. The fitted regression line is based on the lm2 model (ND ~ block + treatment) 
using plot-level means. The regression line and coefficient of determination (R2 = 0.78) are based on the 
lm2 model
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lower organic matter content (1.2%), received uniform manure applications, and experi-
enced drier conditions (321.8 mm rainfall), leading to more homogeneous field conditions.

For the Geneseo 2022 trial, image collection was performed during both nighttime and 
daytime, and a linear regression was conducted to predict under-canopy ND index based on 
applied N rates for both measurement conditions (Table 5). The lm2 model (accounting for 
Block effects) was statistically significant and explained a substantial proportion of vari-
ance (R2 = 0.80, p = 0.043), indicating a good fit to the data. The effect of N treatment was 
also statistically significant and negative (95% CI [−2.79e-04, −9.91e-05], p = 0.001), which 
suggests that increasing N rates result in a decrease in under-canopy ND index values. The 
signal of ND index responses to applied N rates at nighttime with 5500 K LED lighting 
was found to be similar to that of daytime, but image-to-image noise (variability) was dra-
matically decreased for nighttime imaging (Table 5). The linear model's total explanatory 
power was moderate (R2 = 0.30) in daytime measurements, but more substantial (R2 = 0.67) 
in nighttime measurements (Table 5). Nighttime imaging therefore not only reduces image-
to-image variability but also shows a stronger relationship between under-canopy ND index 
and applied N rates, indicating its potential to improve accuracy in predicting crop N status 
(Fig. 9a, b). The lm2 linear model explains a statistically significant and substantial pro-
portion of variance (R2 = 0.92, p < 0.001; Table 5). These findings suggest that nighttime 
imaging is more powerful for assessing under-canopy ND index response to N rates. The 
Covington, NY trial daytime resulted in slightly lower R2 values than the Geneseo, NY trial 
daytime for the linear models, presumably due to manure applications in two previous falls 
(40,834.9 L/ha in 2020, and 96,303.4 L/ha, 13,002.4 L/ha, and 91,152.1 L/ha in 2021).

Figure 7 summarizes the ND index means for applied N rates in daytime and nighttime 
measurements at the Geneseo site, and shows the (R-B)/(R + B) index distribution based on 
image-averaged units of 6 m. It indicates differences both among and within treatment plots. 
Strong relationships existed for the ND index (R-B/R + B) under both daytime and nighttime 
imaging. Daytime and nighttime ND values generally decreased in parallel with increased 
N rates, and similar color responses were observed for both illumination conditions. In the 

Table 5  Linear models for ND by N rates and Block effect, for both daytime and nighttime measurements 
conducted in Geneseo, NY in 2022
Model (R-B/R + B) based ND

Daytime Nighttime
p R2 p R2

lm1  < 0.001 0.54  < 0.001 0.80
lm2  < 0.001 0.80  < 0.001 0.92
lm3  < 0.001 0.30  < 0.001 0.67
Each of the 12 experimental plots (4 N rates × 3 replicates) was 110 m long and recorded at 30 fps, producing 
approximately 2,200 frames per plot per lighting condition. This resulted in 26,400 frames for daytime and 
26,400 frames for nighttime, totaling 52,800 frames across the trial. ND values were computed every 120 
frames (6-m resolution), resulting in approximately 18 ND observations per plot and 216 total ND values 
per lighting condition
lm1 <—lm(RGBmean ~ treatment, data = plot_means); lm2 <—lm(RGBmean ~ block + treatment, 
data = plot_means); lm3 < -lm(ND ~ treatment, data = individual_images). For lm1 and lm2, the 18 ND 
values per plot were averaged to obtain one RGBmean per treatment × replicate combination. RGBmean 
represents the averaged ND value per treatment-block combination. Thus, both lm1 and lm2 were based 
on 12 observations (4 N rates × 3 replicates) per condition. The lm3 model used all 216 unaggregated 
ND values per condition to assess within-plot variability, with 432 total ND values analyzed across both 
lighting conditions
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Geneseo trial, the ND index was consistently responsive to applied N rates in both daytime 
and nighttime measurements, indicating that it is a reliable indicator under different light-
ing conditions. However, the variability in image-to-image measurements was significantly 
lower in nighttime measurements, which may be due to the more controlled light environ-
ment (LED lights) in nighttime measurements. Given that chlorophyll in stems and leaves 
absorbs red incident light for photosynthesis, it is likely that the red wavelengths within the 
canopy at night were less scattered or transmitted (Sakamoto et al., 2010). Another possible 
explanation is that, while the measured color response intensities (ND) from under-canopy 
were derived from the direct LED lighting in nighttime, they were affected by scattered 
light and transmitted light from sunlight when sensed during the daytime. The near-zero 
ND values in daytime measurements likely result from ambient light variability rather than 
the absence of N status response. Nighttime conditions minimized this effect, enhancing ND 
detection across N rates.

Spatial distribution of ND index response to applied N rates

Understanding the spatial characteristics of under-canopy color properties is important for 
determining an appropriate spatial resolution for the image processing model in site-specific 
N applications, specifically in addressing treatment-induced spatial non-heterogeneity. Var-
iogram analysis was performed to (i) quantify the spatial structure of variability, (ii) assess 
the spatial range for optimum N rate management, and (iii) determine whether spatial struc-
tures varied for different N rates, i.e., treatment-induced spatial non-heterogeneity (van Es,). 
Five semivariograms and a map were developed for N response considering each applied N 
rate (58, 100, 143, 225, 271 N kg ha−1). Within each site unit (90-m length, 20-m width for 
applied nitrogen treatments), the ND values (mean (R-B/R + B)) were calculated for each 
N treatment.

Figure 8 shows semivariograms and associated model parameters for each N rate in the 
Minnesota 2019 trial. The spherical semivariograms model was characterized by its nug-

Fig. 7  Relationship between the (R–B)/(R + B)-based ND index and applied nitrogen rates (0, 60, 96, 
and 132 kg N ha⁻1) in the Geneseo, NY 2022 trial under a daytime and b nighttime conditions. Each 
point represents a 6-m ND observation, color-coded by block. Black circles represent treatment-level 
means averaged across three blocks (n ≈ 54 ND values per rate). a Daytime: 0 kg N ha⁻1 = 0.008 ± 0.009; 
60 kg N ha⁻1 =–0.002 ± 0.006; 96 kg N ha⁻1 =–0.008 ± 0.011; 132 kg N ha⁻1 =–0.018 ± 0.011. b Night-
time: 0 kg N ha⁻1 = 0.075 ± 0.015; 60 kg N ha⁻1 = 0.064 ± 0.023; 96 kg N ha⁻1 = 0.056 ± 0.022; 132 kg 
N ha⁻1 = 0.039 ± 0.031. The regression lines and coefficients of determination (R2 = 0.80 for daytime, 
R2 = 0.92 for nighttime) are based on the lm2 model (ND ~ block + treatment) using 12 plot-level means 
per lighting condition (Color figure online)
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get (i.e., variability at distances smaller than the shortest distance between sample points 
including measurement error), sill (i.e., uncorrelated observed variation of the variable), and 
range (distance within which observations are spatially correlated). The range was 6.3 m for 
the lowest applied N rate plot of 58 N kg ha−1, which is equivalent to the travel distance of 
the robotic vehicle in four seconds. The spherical model fitted to the ND data had a nugget 
(C0) of 0.00, and a partial sill (C) of 0.00206. For the applied N rate plot of 100 N kg ha−1, 
the range was slightly lower at 5.6 m. Both the range and partial sills of the semivariograms 
gradually decreased with increasing N rates, down to 3.2 m and 0.0011, respectively for the 
highest N rate (271 N kg ha−1; Fig. 9). This indicates that field variability tends to become 
less pronounced when N stress levels are reduced, i.e., the underlying variability in N avail-
ability is evened out and less defined by the inherent soil N supply (Mamo et al., 2003).

There was also an additional field trend in most cases, and an apparent “hole effect” 
that suggests repetitive field patterns and was most pronounced with the lowest N rate. 
Apparently under conditions of N deficiency recurring spatial patterns of variability emerge, 
likely due to patchy N availability or differential plant uptake efficiency. As N availability 
increases with higher N rates, these oscillatory patterns become less pronounced, suggesting 
that higher N applications create more uniform canopy response.

Fig. 8  Semivariograms of the (R-B)/(R + B)-based ND index for applied N rates (58, 100, 143, 225, and 
271 kg N ha⁻1) in the Minnesota 2019 trial. The x-axis represents distance in meters. Exceedances above 
the sill reflect structured trends and periodicity (hole effect). Detrending was tested but not applied, as it 
removed meaningful spatial trends relevant to field-scale N variability
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A similar trend emerged with the Geneseo, NY 2022 trial (Figs. 10 and 11), where ND 
index semivariograms were evaluated for four N rates (0, 60, 90, and 132 kg N ha−1). Again, 
the fitted spherical models show a systematic decrease in both the range (from approxi-
mately 6.7 m down to 5.1 m) and partial sill (from about 0.79 down to 0.22) as N applica-
tion rates increase. Overall, the spatial range was about 3.5–6 m, which suggests for this 
field that precision N application should involve adjustment of nitrogen rates at up to 6-m 
resolution. For the robotic imaging setup of this study, this would involve ND-based adjust-
ments every 3–4 s (~ 100 images). GPS-guided variable-rate application systems can be 
calibrated for 6-m resolution, making implementation practically feasible in commercial 
farming. Also, the hole effect findings highlight spatial periodicity and potential benefits of 
site-specific management to enhance nitrogen use efficiency.

Fig. 10  Semivariograms of the (R-B)/(R + B)-based ND index for applied N rates (0, 60, 90, and 132 kg 
N ha⁻1) in the Geneseo 2022 trial. The x-axis represents distance in meters. Exceedances above the sill 
reflect structured trends and periodicity (hole effect), rather than model error. Detrending was tested but 
not applied, as it removed meaningful spatial trends relevant to field-scale N variability

 

Fig. 9  Model parameters of the (R-B/R + N)-based ND index by applied N rates 58, 100, 143, 225, 271 N 
kg ha−1) in Minnesota-2019
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Mapping nitrogen stress distribution

The analysis of the semivariograms provided valuable insights into the spatial structure of 
the ND index in response to different N rates in the maize field. This section focuses on 
visualizing the distribution of N stress in the field trials.

Minnesota trial

Figure 12 displays the color-coded ND index maps for each of the five N rates applied to 
the plot. The ND index values generally decreased with increasing N rate. The highest ND 
index values were observed in the 58 kg N kg ha−1 treatment plot (block 58 A), with mean 
values ranging from 0.25 to 0.35 across the plot. Conversely, the lowest ND index values 
were observed in the 271 kg ha−1 treatment, with mean values ranging from 0.11 to 0.19 

Fig. 12  The relationships between (R-B/R + B)-based ND index of maize under canopy leaf surface and 
applied N rates (58, 100, 143, 225, 271 kg ha−1) in the Minnesota 2019 trial based on 6.0-m averaged 
values

 

Fig. 11  Model parameters of the (R-B/R + N)-based ND index by applied N rates 0, 60, 90, 100 N kg ha−1) 
in the 2022 Geneseo (NY)
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across the plot, similar to Ahmad and Reid (1996). However, although the overall relation-
ship between ND value and N rate is strong (Fig. 12), this map indicates that the pigment-
induced color expression varies considerably both by block (more apparent N stress on the 
southern end of the field) and along crop rows (E-W direction). This suggests the existence 
of considerable residual field-scale N stress variability that can potentially be managed 
using sensing and site-specific applications.

Aurora, NY-2020

The spatial distribution of ND index values based on 6-m distances along the row (Fig. 13) 
for the Aurora NY 2020 trial indicates that the lower N rate of 90 kg N ha−1 was generally 
associated with higher (more red) ND values than the 145 kg N ha−1 rate, which is consis-
tent with previous studies. Like with the MN trial, considerable block and in-row variation 
existed, suggesting the presence of field patterns that were detected by the lower-canopy 
imaging. Although patterns were generally consistent and commensurate with N rates, the 
ND values varied by imaging date. DAP54 was measured at the end of a relatively dry 
period (total rainfall: 47.6 mm, Table 7), likely exacerbating nitrogen stress and resulting in 
elevated ND values, particularly in Block D. Conversely, DAP60 followed substantial rain-
fall events totaling 105.91 mm (Table 7), which likely facilitated nitrogen redistribution and 
uptake, leading to temporarily reduced ND values in Block D. By DAP66, cumulative rain-
fall had reached 202.58 mm (Table 7), stabilizing soil moisture conditions, with ND values 
in Block D becoming similar to those observed at DAP54. According to Plett et al. (2020), 
water availability in the soil is a factor that regulates the availability of nitrogen. For both 
DAP 60 and 66 measurements, the plots that received 90 kg N in Block D still exhibited 
the highest ND values, particularly in the half of the plot from the west side. Conversely, 
the plot that received 90 kg ha−1 N rate (suboptimal) in Block A showed gradually decreas-
ing ND values for DAP 54, 60, and 66, presumably as more soil N became available from 
rainfall after the drought period. These findings highlight the importance of considering 
both nitrogen rate and spatial variability when making management decisions for optimiz-
ing nitrogen application in the field. Also, it suggests that timing of sensing (esp. relative 
to rainfall events) affects ND response and reduces the universality of the RGB sensing 
approach. Sensing efforts may require an additional information source, e.g., a dynamic 
simulation model output (Sela et al., 2016), to establish target fertilizer rates that may be 
modulated by RGB sensing output.

Covington NY-2022

Figure 14 shows the spatial distribution of the ND index (R-B)/(R + B) value in relation to 
the nitrogen rates (0, 60, 96, 132, N kg ha−1) applied in the Covington NY-2022 field. The 
map highlights that the 60 kg ha−1 plot on the southeastern end of the field exhibited the 
highest ND values (greater than the nearby 0 kg ha−1 plot), whereas the adjacent plot with 
160 kg N ha−1 plot had the lowest values. Additionally, the southern ends of both plots had 
the highest ND index values, while the middle of both plots showed a different pattern. The 
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plots that received 0 kg N ha−1 had the lowest ND values throughout, while the 60 kg N ha−1 
plot had some spots with the highest ND values in certain locations. These patterns suggest 
interactions of N rates with soil heterogeneity (Mittermayer et al., 2021).

Fig. 13  Spatial distribution of (R-B)/(R + B)-based ND index according to the response of nitrogen rates 
(90, 145 kg N ha−1) at DAP54, DAP60, DAP66 in Aurora, NY 2020. Based on average units along the 
crop row of 6.0 m
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Geneseo, NY −2022

Figure 15 presents the distribution of the ND index means for different applied N rates in 
both daytime and nighttime measurements at the Geneseo site at 6-m resolution. The map 
highlights similarities and differences between the illumination conditions. As previously 
noted, both daytime and nighttime ND values tended to decrease as N rates increased, but 
considerable field variability was measured by the ND index. The nighttime imaging results 
generally exhibited more consistency and less field variability than the daytime measure-
ments, but the pattern was consistent for both measurement times. Considering that night-
time imaging generally shows lower image-to-image variability, it is presumed that it also 
performs better at detecting field-scale variability at the 6-m resolution.

Fig. 15  Relationships between (R-B)/(R + B) based ND index and applied N rates (0, 60, 96, 132 N kg 
ha−1 in Geneseo NY-2022 based on 6.0-m averaged values

 

Fig. 14  ND index (R-B)/(R + B) value distribution response to applied N rates in Covington NY-2022. 
Based on 6.0-m averaged values
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Conclusions

This study investigates the potential use of low-cost RGB cameras for detecting differences 
in pigment expression and maize nitrogen status at high spatial resolution using ground 
vehicle-based under-canopy imaging with the goal of variable-rate field N management. 
Significant correlations were measured between the (R-B)/(R + B) ratio and applied nitro-
gen rates for four trials in New York and Minnesota. Results also suggest the existence 
of considerable field-scale as well as site-specific variability that can be managed using 
under-canopy sensing with field robots. Hence, different fertilizer rates can be applied to 
small zones, and site-specific N applications can be managed with high accuracy with the 
proposed methodology. Normalized color intensity values based on the (R-B)/(R + B) index 
were different for daytime and nighttime imaging, and also varied in time, presumably due 
to effects from rainfall patterns. Nighttime imaging reduced image-to-image variability and 
generally improved correlations between the spectral ND index and N rate. (R-B)/(R + B) 
index values were generally consistent but were not able to determine whether other factors 
like differences in crop genotype and sensing time of day need to be accounted for. This 
suggests that, although the proposed approach is effective in identifying field variability 
patterns for N stress, its ability to accurately estimate an optimum N rate has not yet been 
established. Therefore, geo-referenced image data may be most effectively used in combina-
tion with other N rate estimators like dynamic simulation modeling. This level of precision 
in N application could potentially reduce the amount of excess fertilizer use and associated 
environmental impacts while improving crop productivity and profitability.

Appendix

See Appendix Tables 6, 7, 8; Fig. 16

Table 6  Soil and cropping information of experimental fields
Minnesota
2019

Aurora, NY
2020

Geneseo, NY
2022

Covington, NY
2022

Planting date 20 MAY 2019 22 MAY 2020 26 MAY 2022 14 MAY 2022
Sampling date DAP 59 (18 JULY) DAP†54 (15 JULY),

DAP60 (22 JULY),
DAP66 (29 JULY)

DAP60 (24 JULY) DAP72 (25 JUY)

Previous crop Wheat Continuous Maize Small grain + legume Maize
Soil Silt Loam

OM:2.8%
Silt Loam
OM:3.9%

Silt Loam
OM:1.9%

Gravelly silt loam
OM:1.2%

DAP†: Day after planting
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Table 7  Precipitation (P) and growing degree days (GDD) between April and August for each experimental 
site at 10- or 11-day increments
Field Months First 10 days Second 10 days Third 10 or 11 

days
Total Month

P
(mm)

GDD(°C) P
(mm)

GDD
(C)

P
(mm)

GDD
(°C)

P
(mm)

GDD
(°C)

Minnesota 2019 April 11.9 11.4 81.8 10.6 18.2 36.9 111.9 58.9
May 55.4 20.6 62.5 44.4 64.4 54.4 182.3 119.4
June 29 105.8 12.2 79.7 39.7 110.8 80.9 296.4
July 90.7 132.2 55.2 139.2 30.6 113.9 176.5 385.3
August 8.2 121.4 53.3 110.6 39.8 84.4 101.3 316.4
Total 652.9 1176.0

New York
2020

April 17.6 8.1 13.7 9.2 21.9 8.3 53.2 25.6
May 63.2 18.9 35.6 35.3 12.7 100.0 111.5 154.2
June 8.2 81.9 0.0 92.2 39.9 121.9 48.1 296.1
July 3.1 135.3 89.0 131.1 51.8 138.1 143.9 404.4
August 15.0 115.3 0.6 126.7 30.2 119.2 45.8 361.1
Total 402.5 1242.0

New York
2022

April 5.4 50.0 14.2 65.3 23.6 64.4 43.2 53.6
May 7.2 67.5 18.3 72.2 24.8 68.0 50.3 131.7
June 35.3 69.3 46.8 66.4 0.5 79.7 82.6 247.2
July 19.3 72.65 33.1 72.6 26.9 68.9 79.3 375.6
August 4.8 60.85 13.3 77.3 48.3 59.5 66.4 322.2
Total 321.8 1014.4
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Table 8  Software and hardware used in the building process and their function
Hardware/software Model and purpose References
Motors Model: IG42 24VDC 122 RPM

24VDC
Reduction Ratio: 1:49
Rated Torque: 16 kgf-cm
Rated Speed: 122 RPM
Provides drive motion for wheels

(Shayang 
Ye, 2023)

Motor Mount Plate 1/8"thick aluminum plate to support motors M4 × 8 screws to 
mount the motor to the plate

(SuperDroid, 
2023a, 
2023b)

Electric Motor Hookup 
Kit

The kit includes capacitors, shielded wire, ferrite rings, and heat 
shrink

(SuperDroid, 
2023a, 
2023b)

Batteries Model:12V 11Ah Lithium-Ion Phosphate
Short Circuit Protection
High Voltage Cut-Off
Low Voltage Cut Off
Cell Balancing
Power source for control and motion systems

(K2Energy, 
2022)

Heavy Duty Wheel and 
Shaft

Model: TD-164–010
Total Weight (set of wheels, shafts, collars, etc.): 8.6 lbs per set 
(4x)

(SuperDroid, 
2023a, 
2023b)

Motor Controller Model: RoboClaw 2 × 30A
Automatically supports 3.3V or 5 V logic levels, travel limit 
switches, home switches, emergency stop switches, power sup-
plies, braking systems, and contactors

(Basicmicro, 
2023)

transmitter & Receiver Model: FLYSKY FS-i6X 2.4GHz
Works in the frequency range of 2.405 to 2.475GHz
Manual remote control

(Flysky, 
2022)

Autodesk Inventor
Pro2022

Model: Pro2022
The robot mechanical design, structure, and simulations

(Autodesk, 
2022)

Blender Version: 3.0
Rendering simulations

(Blender, 
2022)

Proteus Version: 8.15
Electrical system simulation

(Proteus, 
2022)

Visual Studio Version: 2022, Build Tools v143
Programming environment

(Microsoft, 
2022a, 
2022b)

Android Studio Version: Chipmunk
Driving view stream

(Google, 
2022a, 
2022b)

Arduino IDE Version: 1.8.19
Robot driving system

(Arduino, 
2021)

Raspberry Pi OS Version: Debian-based, 32-bit, Bullseye
Robot driving system and camera system

(Microsoft, 
2022a, 
2022b)

Firebases by Google Version: Firestore v9
Realtime Database, Web-based control

(Google, 
2022a, 
2022b)

Camtasia Studio Version: 2022.1
Interactive live video formats

(TechSmith, 
2022)

Mapbox Geolocation in live (Mapbox, 
2022)
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