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Abstract: Chlorophyll levels are a key indicator of plant nitrogen status, which plays a critical role in
optimizing agricultural yields. This study evaluated the performance of three low-cost multi-spectral
sensors, AS7262, AS7263, and AS7265x, for non-destructive chlorophyll measurement. Measurements
were taken from a diverse set of five leaf types, including smooth, uniform leaves (banana and mango),
textured leaves (jasmine and sugarcane), and narrow leaves (rice). Partial Least Squares regression
models were used to fit sensor spectra to chlorophyll levels, using nested cross-validation to ensure
robust model evaluation. Sensor performance was assessed using R2 and mean absolute error (MAE)
scores. The AS7265x demonstrated the best performance on smooth, uniform leaves with validation
R2 scores of 0.96-0.95. Its performance decreased for the other leaves, with R2 scores of 0.75-0.85.
The AS7262 and AS7263 sensors, while slightly less accurate, achieved reasonable R2 scores ranging
from 0.93 to 0.86 for smooth leaves, and 0.85 to 0.73 for the other leaves. All sensors, particularly the
AS7265x, show potential for non-destructive chlorophyll measurement in agricultural applications.
Their low cost and reasonable accuracy make them suitable for agricultural applications such as
monitoring plant nitrogen levels.

Keywords: Chlorophyll Sensors; low-cost Sensors; spectral Sensors; spectral reflectance; partial least
squares regression; nested cross-validation; learning curves; model validation; machine learning

1. Introduction
Agricultural output increased dramatically in the mid-20th century due to advancements in crop

breeding, irrigation, pesticides, and fertilizers. The development and usage of nitrogen, phosphorus,
and potassium fertilizers allowed farmers to supply nutrients required by high-yield crops. Nitrogen
is a critical macronutrient for plant growth, as it is concentrated in the photosynthesis components
of leaves. In nitrogen-deficient soils, plants can allocate up to 40-50% of their energy to the roots and
below ground biomass [1], with a substantial portion of that energy dedicated to biological nitrogen
fixation or the active uptake of mineralized nitrogen [2].

While only 2-5% of leaf nitrogen is found in chlorophyll, chlorophyll content serves as an indicator
of plant nitrogen levels through a feedback mechanism. As nitrogen availability decreases, the major
nitrogen-containing components of photosynthesis, such as RuBisco and thylakoid proteins, become
limited. Consequently, plants reduce chlorophyll levels because they cannot process the excess
captured light in a low-nitrogen state. This makes chlorophyll an indicator of plant nitrogen status.
This relationship has led to numerous studies exploring the use of chlorophyll meters to monitor
whole-plant nitrogen levels [3].

A variety of methods are used to measure plant chlorophyll levels. For ease of use, widespread
application, and rapid measurement, the optical properties of the leaves are often utilized. These
methods rely on chlorophyll’s characteristic absorption of light, with higher absorption in the blue
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and red spectrum compared to the green spectrum, or its absorption in the red region coupled with
high reflectance in the near-infrared region (NIR) [4]. Chlorophyll estimate techniques range widely,
from hyperspectral cameras on satellites [5] and unmanned aerial vehicles (UAVs) [6] to handheld
multi-spectral cameras [7], handheld chlorophyll meters [8], and even simple printed color charts [9].

Commercially available handheld chlorophyll meters, with the SPAD (Soil Plant Analysis Devel-
opment) meter being the most popular and the atLEAF meter also widely used [10], rely on measuring
the transmission of light in the red and NIR regions to calculate a chlorophyll content index (CCI). Nu-
merous studies have correlated these CCIs with chlorophyll content across multiple plant species [11].
These handheld devices measure a small section of a single leaf, providing localized data. Additionally,
canopy sensors such as GreenSeeker and Crop Circle are available. These sensors measure spectral
reflectance from a large area, allowing for the assessment of chlorophyll levels across entire fields [12].

As these sensors can estimate chlorophyll content, they can also serve as a proxy to assess plant
nitrogen levels [13]. This capability has been applied in studies using chlorophyll meters to optimize
nitrogen fertilizer application [14]. Proper nitrogen application is critical as insufficient nitrogen limits
agricultural yields. However, excessive nitrogen increases production cost [15], contributes to pollution
through nitrogen runoff [16], and raises greenhouse gas emissions due to the production of nitrous
oxide [17]. Moreover, excess nitrogen can reduce yields by promoting excess vegetative growth at the
expense of the plant’s agricultural produce [18]. This phenomenon has been seen in perennial and
annual crops [19].

To balance the need to add nitrogen to soils to increase yields while avoiding excessive application,
site-specific nitrogen management (SSNM) has been developed [20]. SSNM uses chlorophyll level
measurements with algorithms to optimize nitrogen application rates [21,22]. Studies on SSNM have
been conducted on a wide range of crops, ranging from pear orchards [23] to rice paddies [24]. Given
the significant variation in crop types, locations, and climates studied, SSNM results cannot be easily
generalized. However, specific SSNM examples include a 40- 45% reduction in nitrogen input in
wheat production [25] and an 18% reduction in nitrogen use for rice while increasing yields by 8% and
generating an 11% increase in economic returns [26]. Additional examples and insights into SSNM can
be found in recent comprehensive reviews [27,28].

Despite significant advances in agricultural production, some challenges remain. One major
issue is that small-scale farmers often cannot fully benefit from these advancements due to their cost
or complexity. This is a substantial concern, as there are an estimated 450 million small-scale farms
worldwide, comprising 40% of global agricultural land and supporting 2.2 billion people [27,29]. Due
to limited access to capital and resources, small-scale farmers often experience lower yields compared
to larger farms. To compensate for this, they frequently rely on increased use of variable inputs, such
as nitrogen fertilizer, to boost yields [30]. For example, in China, every 1% increase in farm size results
in a reduction of fertilizer use by 0.3% [31].

Research has focused on developing low-cost chlorophyll sensors to meet the needs of small-scale
farms. Examples include the use of smartphones to estimate chlorophyll content [32]. However, most
studies correlate smartphone results to SPAD values rather than directly to chlorophyll levels [33,34].
Similarly, many studies have investigated handheld chlorophyll meters that utilize a red LED and a
NIR LED, similar to the SPAD meter, correlating the low-cost sensor output with SPAD measurements
rather than direct chlorophyll levels [35,36]. Additional research has employed red, green, and blue
color sensors, again relating their results to SPAD CCI values, not to actual chlorophyll concentrations
[37].

AMS multi-spectral sensors are also emerging as valuable tools for making low-cost devices to
measure chlorophyll levels. Recent reports have demonstrated their potential in various applications.
One study used the 11-channel AS7341 color sensor to measure chlorophyll levels in Hami melon
leaves, achieving a test R2 score of 0.87 [38]. Another study combined the 6-channel AS7262 and
AS7263 sensors to measure chlorophyll levels in wheat leaves (R2 = 0.63) and soybean leaves (R2 =
0.82) [39]. Additionally, the AMS 14-channel spectral sensor AS7343 was used to measure chlorophyll
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levels in basil, though it produced a lower R2 score < 0.2. However, this sensor performed well in
fitting phenolic and flavonoid content, achieving R2 scores > 0.87 [40].

AMS sensors operate by utilizing integrated optical filters, allowing the sensors to remain low-cost
while providing moderate spectral resolution. The AMS AS7262 measures six visible light bands
(450-650 nm), while the AS7263 measures six red-NIR bands (650-870 nm). The AS7265x combines
three 6-channel sensors, allowing it to measure 18 spectral bands across the visible and NIR regions
(410-940 nm). These sensors are significantly more affordable than traditional chlorophyll meters, with
the AS7262 and AS7263 breakout boards priced at $28 each and the AS7265x at $70 from Sparkfun (as
of January 2025). In comparison, the SPAD meter costs over $1,000, and the atLEAF meter is around
$250.

The visible and NIR regions covered by AMS sensors make them versatile tools for a wide range
of applications. Agricultural products are the most prominent focus with AMS sensors being used to
assess the quality of grapes [41], olives [42], oranges [43], dates [44], tomatoes [45,46], and even fish
[47]. Beyond agricultural applications, AMS sensors have been used to monitor the development of
rock lobsters [48], Photosynthetically Active Radiation (PAR) [49,50], ocean respiration [51] and aid in
weed detection [52].

In this study, we aim to evaluate the performance of the AMS AS7262, AS7263, and AS7265x
sensors in measuring leaf chlorophyll levels across a diverse set of plants: banana, jasmine, mango,
rice, and sugarcane.

2. Materials and Methods
Device Design and Characterization

To estimate chlorophyll levels, spectral measurements were first collected from leaves using
AS7262, AS7263, and AS7625x sensors from AMS (Premstätten, Austria). Since these sensors require a
microcontroller for data acquisition and control, breakout boards with mounted sensors were obtained
from SparkFun (Boulder, CO, USA). The boards also featured a Qwiic connection that supports I2C
communication, making it easy to connect with any Qwiic-compatible microcontrollers, which are also
available from SparkFun. In this study, the SparkFun RedBoard Artemis and Artemis Nano were used
interchangeably. A Qwiic multiplexer (Mux) was used to connect all three sensors to a single Arduino.
The Mux is necessary because the sensors share the same I2C address, preventing them from being
connected to the same I2C bus simultaneously. The Mux allows the micro-controller to use each sensor
individually.

A diagram of the setup is shown in Figure 1, and a photograph of the device is shown in Figure 2.
Each sensor had a button attached to start reading the sensor. The buttons were also mounted on
Qwiic-connected breakout boards. Qwiic cables were used to connect the buttons to the sensors, the
sensors to the Mux, and the Mux to the Arduino, while the Arduino was connected to a computer with
a USB-C cable. Short Qwiic cables are shown for aesthetics in Figure 2, though during measurements,
500 mm cables were used for ease of use.

Electrical measurements of the AS7265x LEDs showed that the breakout boards could not drive
high currents (50 and 100 mA) through the white LED or even low currents through the UV LED. See
Supplemental Information 1 for more details.

A custom 3D-printed holder was created to house the Arduino and Mux. In addition, individual
holders for each button-sensor pair were 3D-printed for ease of use and to make a shroud around
the light path. The STL and SKP files for the 3D-printed sensor holders are available in the 3d_files
folder of the GitHub repository at https://github.com/KyleLopin/asm_chloro_test/
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Figure 1. Diagram of device setup. A Qwiic button was connected to each of the sensors, AS6272, AS7263, and
AS7265x. All sensors were then connected to a Qwiic Mux, which was connected to an Arduino with a Qwiic
cable. Finally, the Arduino was connected to a computer.

Figure 2. Device setup. Photograph of the AMS sensors (top, labeled) and the sensors mounted in black 3-D
printed holder/shrouds, connected to buttons, which are then connected to the Qwiic Mux (red PBC in the center).
The Qwiic Mux is then connected to an Arduino-compatible Artemis RedBoard (SnowBoard Edition, black PCB
below the Mux).

Device Firmware and Software

To control the sensors and acquire data, a custom Arduino program was developed. The code
would poll through each sensor and check if a button was pressed. When a button is pressed, that
sensor starts measuring. Different integration times and currents were tested to characterize the device
and find the best conditions. To simplify the process, these conditions were hard-coded into the
firmware. A Python program was also created to make a graphical user interface (GUI) for visualizing
and saving the data as it was recorded. The Arduino and GUI code can be found in the source folder
of the GitHub repository.
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Leaf Selection and Spectra

To evaluate the sensors’ performance across a diverse range of leaves, spectral measurements
were taken from different species and developmental stages. 100 leaves from five different species (500
leaves in total) were selected for these experiments. To ensure a broad range of varying leaf ages and
chlorophyll levels, approximately one-third of the samples were new leaves, one-third were from the
middle of the plant, and one-third were older leaves. Photographs of a newer (light) and older (darker)
leaf for all five species tested are shown in Figure 3.

Figure 3. Photographs of leave samples. Photographs of leaf samples arranged in two rows: (a) the top row shows
light-colored leaves, which are younger, newly emerging leaves, and (b) the bottom row shows darker-colored
leaves, which are older leaves. The samples for banana, jasmine, mango, rice, and sugar cane are arranged from
left to right.

The leaves were removed from the plants, stored in plastic boxes, and immediately taken to the
lab, where their spectra were measured. For large banana leaves, a section of the leaf was cut for
testing, while long sugarcane and rice leaves were cut off from the stalks. A black background was
placed underneath the leaves for the measurements. A white A4 paper was used for the reference
spectra. The raw sensor data was then converted to reflectance and absorbance using the following
equations:

R =
Rmeasured

Rref
(1)

A = − log10(R) (2)

R represents the reflectance of the leaf relative to the reference reflectance. Rmeasured is the reflectance
measured from the leaf, Rref is the reflectance measured from the reference material (white paper), and
A is the absorbance.
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Leaf Chlorophyll Measurements

After spectral measurements were collected, chlorophyll extraction was performed to obtain
reference values for model development and validation. Chlorophyll levels were measured following
the method described in [53]. Briefly, three disk samples from each leaf were obtained with a standard
paper hole puncher and then placed in dimethylformamide (DMF). The chlorophyll concentration
of the solutions was measured using a UV-Vis spectrophotometer (Model Specord 40, Analytik Jena,
Germany) after 48 hours for mango, rice, and sugarcane leaves and 96 hours for banana and jasmine
leaves due to their increased thickness. The total chlorophyll levels were calculated using the following
equation:

Total Chlorophyll (µg/mL) = 0.18 · (20.27 · A647 nm + 7.04 · A664 nm) (3)

where the absorption coefficients (Ax nm) in these equations for the specified wavelengths (x nm)
were derived from chlorophyll absorption characteristics in DMF, as described in [53]. The factor 0.18
accounts for the path length and the dilution factor of the DMF solution.

Outliers in the reference chlorophyll data were removed using a 3-sigma cutoff. Supplemental
Information 2 provides a detailed description of the reference chlorophyll data and the outlier removal
process, including graphical representations of the data and its spread.

Data Processing and Statistical Methods

After collecting spectral and chlorophyll reference measurements, data processing and statistical
analysis were performed to fit the spectral data to chlorophyll levels using regression models. All
data preparation, fitting, and visualization were conducted using Python, and the scripts for these
analyses are available in the analysis folder of the GitHub repository. The Mahalanobis distance was
calculated using the following formula:

D2 = (x − µ)TΣ−1(x − µ) (4)

where D2 is the Mahalanobis distance, x is the individual spectra, µ is the mean spectra, Σ is the
covariance matrix, Σ−1 is the inverse of the covariance matrix, and (x − µ)T denotes the transpose of
the vector (x − µ) [54].

Partial Least Squares (PLS) regression and learning curves were implemented using the scikit-
learn library. The Akaike Information Criterion (AIC) was calculated as:

AIC = n · ln
(

RSS
n

)
+ 2 · k (5)

where n is the number of observations, RSS is the residual sum of squares, k is the number of parameters
in the model (number of latent variables), and ln is the natural logarithm.

To evaluate the PLS models, Monte Carlo splitting (Shuffle Split) divided the data into training
and test sets. Group-based splitting confined all spectra from a single leaf to either the training or test
set, thereby preventing data leakage. All spectra were fit to the PLS model, and the final predicted leaf
chlorophyll levels were calculated as the average of the predictions from each spectrum of the leaf. A
stratified split was applied to maintain an equal distribution of chlorophyll levels between sets [55].
Chlorophyll levels were quantilized into 10 bins, and each split was sampled equally across these bins.

3. Results
3.1. Leaf Spectra

The AMS sensors are designed for original equipment manufacturers (OEM), meaning users must
set the integration time and LED current. The optimal settings were determined using N-way ANOVA
analysis, with the procedure detailed in Supplemental Information 3. In summary, the AS7262 and
AS7265x performed best with the shortest integration of 140 ms, while the AS7263 achieved optimal
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performance with the longest integration time of 700 ms. The lowest current setting (12.5 mA) was
found to be optimal for all sensors. These settings were selected for further analysis.

Figure 4 shows the leaf spectra, taken in triplicate, of mango leaves measured by all three sensors.
The left column (Figure 4a-d) shows the raw, unnormalized light intensity readings from the sensors,
while the right column (Figure 4e-h) displays the reflectance normalized to the reference, a white sheet
of A4 paper. The x-axis is shared across all figures to compare the spectral regions measured by each
sensor. The black lines represent the mean spectra for each leaf-sensor combination. Each spectrum is
color-coded to illustrate the chlorophyll level of the associated leaf, according to the color bar on the
right. Leaves with lower chlorophyll levels have a higher overall reflectance due to lower chlorophyll
content, a thinner outer surface cuticle, and less developed cell structures [56].

Figure 4. Raw and relative reflected light intensity of mango leaves. (a-d) Raw light intensity measured by the
sensors: (a) AS7262, (b) AS7263, and (c-d) AS7265x, all illuminated with a white LED, with (d) also using an IR
LED. (e-h) Normalized reflectance relative to a white sheet of paper for the sensors: (e) AS7262, (f) AS7263, and
(g-h) AS7265x, all illuminated with a white LED, with (h) also uses an IR LED.

Figure 4a and 4e display the AS7262 spectra with illumination provided by a white LED. The
spectra exhibit the characteristic green color of chlorophyll, where the blue and red regions of the
spectra reflect less light compared to the green region in both the raw intensity (Figure 4a) and the
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normalized reflectance (Figure 4e). Figure 4b and 4f display the AS7263 spectra, also illuminated by a
white LED. The raw light intensity (Figure 4b) shows a peak in the red region at the 600 nm channel
and a small near-infrared (NIR) component, as the illuminating LED only has a small NIR signal.
The normalized reflectance (Figure 4f) reveals the characteristic leaf reflectance pattern, with low red
reflectance but a large NIR reflectance.

Figure 4c and 4g present the spectra from the AS7265x sensor illuminated by a white LED. The
raw light intensity (Figure 4c) exhibits a distinctive spiky pattern with three peaks in the visible region.
The first peak at the 460 nm channel arises because the white LED uses a blue LED with a phosphorus
coating to produce white light. According to the LED datasheet, the blue LED emits a sharp peak
around 455 nm, which causes the first peak in the raw intensity readings. The LED then has a smoother
spectrum between 500-650 nm.

While the first peak is caused by the illumination source, the second and third peaks are due to
the sensor’s geometry. The AS7265x consists of three chips: the AS72651, AS72652, and AS762653. The
first six channels are on the AS71653 chip, located close to the white LED on the SparkFun breakout
board. The next two wavelengths in the spectra, at 560 nm and 585 nm, are on the AS72652 chip, which
is located further from the LED, decreasing the light intensity. The peaks at 535 and 610 nm are not
caused by those channels having higher intensities but by the intensity in the middle two channels
decreasing. The 645 nm channel decreases in intensity for two reasons: first, leaf reflectance is lower in
this region, and second, this channel is on the AS72652 chip, which again is farther away from the LED.
Finally, the NIR region of the spectra is low because the white LED has low intensity in this region.

The normalized reflectance of the AS7265x (Figure 4g) shows a typical leaf reflectance pattern,
with low intensity in the red and blue regions, moderate reflectance in the green region, and the
highest reflectance in the NIR region. However, in the deeper IR regions (>800 nm), there is reduced
reflectance and a noisier signal because the white LED is not an ideal light source for this region. To
better measure IR reflectance, the IR LED on the SparkFun breakout board was activated with the
white LED, and its spectra were recorded, as shown in Figure 4d and 4h. These spectra follow a similar
pattern as those in Figure 4c and 4g but with a larger raw intensity and less noisy reflectance in the IR
region from 810 nm to 940 nm.

3.2. Outlier Detection

Next, the spectra were examined for errors in reflectance readings. One popular method for
outlier detection is to measure the Mahalanobis distance between spectra and remove points with large
distances. Unlike Euclidean distance, which considers all points in the spectrum equally, Mahalanobis
distance accounts for correlations within the spectra before calculating the distance. This is relevant
for leaf spectra, where the 6 NIR channels of the AS7265x are highly correlated. A slight change in the
NIR region could cause an oversized change in Euclidean distance but not in Mahalanobis distance.

Figure 5 displays the spectra for mango leaves, similar to Figure 4, but with outliers highlighted in
red for the three sensors. Figure 5(a, c, e) identifies outliers based on a 3-sigma cutoff for Mahalanobis
distance calculated from the spectral data. For the AS7262 (Figure 5a) and AS7265x (Figure 5e) sensors,
6-7 readings are identified as outliers due to their high reflectance in the visible region, a trend seen
in both sensors. Additionally, the outliers measured with the AS7265x showed low NIR reflectance.
These spectral characteristics suggest the outliers are young, undeveloped leaves, which typically have
high visible reflectance due to low chlorophyll content and a thinner cuticle, as well as lower NIR
reflectance due to an underdeveloped spongy mesophyll layer [57].
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Figure 5. Outlier detection using Mahalanobis distances. (a, c, e) Outliers identified, in red, from the original
spectrum. (b, d, f) Outliers identified, in red, from the residue spectrum, calculated as the difference between
each individual measurement and the average of the other two measurements on the same leaf; for the sensors:
(a-b) AS7262, (c-d) AS7263, and (e-f) AS7265x. Outliers are shown in red, and non-outliers are shown in green,
color-coded by chlorophyll levels as indicated by the color bar.

The identified outliers were from two leaves (and one additional spectrum for the AS7265x) that
were not fully developed. These leaves were intentionally oversampled, not randomly selected, to
get a wide range of chlorophyll levels for modeling. While the large Mahalanobis distances classified
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these spectra as outliers, this result is from the oversampling strategy to obtain a broader range of
chlorophyll content rather than measurement errors.

To identify truly erroneous readings, Mahalanobis distances were calculated from the residue of
each spectrum, where the residue is the difference between an individual spectrum and the average of
the other two spectra from the same leaf [58]. Outliers were then identified as readings with distances
exceeding 3-sigma from the average. For mango leaves, no outliers were identified for the AS7262 and
AS7265x sensors using this method. This indicates that the previously identified outliers were due to
the spectral properties of young leaves, not sensor errors.

Outliers identified based on residue Mahalanobis distances were removed, and the remaining
spectra were used for further analysis. Table 1 shows the number of outliers removed for each sensor-
leaf combination. A total of 31 recordings out of 4500 were removed, with half from the AS7263 sensor,
probably due to the reduced signal-to-noise ratio caused by using a white LED with an NIR sensor.
These results demonstrate the stability of the sensors for several months, as 99% of all readings were
deemed acceptable.

Table 1. Number of outliers removed for each sensor and leaf combination based on residual Mahalanobis
distance.

AS7262 AS7263 AS7265x

Banana 4 2 2
Jasmine 0 2 0
Mango 0 4 0
Rice 1 4 2
Sugarcane 2 4 4

Figure 6 shows the relative reflectance of the remaining four leaves measured by the three sensors,
with the removed outliers shown in red. Banana leaves, shown in Figure 6a-c, display trends similar
to mango leaves but with a narrower reflectance range, indicating more consistent and uniform
reflectance properties. This difference stems from the different development of the leaves, and the
sampling processes for the two plants. Mango leaves, typical of trees, emerge as light-colored buds
before maturing. Some of these undeveloped leaves were included in the measurements, as seen in
the mango spectra, where a few samples show green reflectance levels greater than 35%. Bananas,
on the other hand, are large herbaceous plants that produce leaves that develop rolled up within the
pseudostem. Therefore, these undeveloped banana leaves are inaccessible for measurement, resulting
in a narrower range of variability in the banana spectra.

Jasmine leaves show a similar pattern in Figure 6d-f, with a few nuances. First, jasmine leaves
have a narrower chlorophyll range compared to the other species tests. This would typically result in a
smaller reflectance range. However, jasmine leaves are thicker, rougher, and more textured than mango
or banana leaves. These differences stem from the structural characteristics of jasmine leaves, which
include striated cuticles with folds, denser mesophyll layer (internal tissue where photosynthesis
occurs), and undulating epidermal cell walls [59]. The combination of a narrower chlorophyll range
and a rougher texture results in a reflectance spread between leaves that is similar to that of banana
leaves.
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Figure 6. Reflectance with outliers. Relative reflectance for leaves: (a-c) banana, (d-f) jasmine, (g-i) rice, and (j-l)
sugarcane, measured using the sensors AS7262 (a, d, g, j) with a white LED, AS7263 (b, e, h, k) with a white LED,
and AS7265x (c, f, i, l) with a white and IR LED. Outliers identified in red.

Rice (Figure 6g-i) and sugarcane (Figure 6j-l) leaves have a wider range of reflectance values,
with many spectra deviating from the average. This variation is likely due to their narrow shape,
which prevents some leaves from fully covering the optical path of the sensors. As a result, the spectra
may include varying contributions from the leaves and the black background. This effect is more
pronounced for the AS7265x, which has a larger shroud due to its size, and in rice leaves that are
narrower than sugarcane leaves. The inclusion of these narrower leaves in the study aims to evaluate
the sensor performance without the need to confine the optical path using light pipes or other complex
arrangements.
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3.3. Model Selection

After collecting the chlorophyll and spectra data, a regression model was developed to predict
chlorophyll levels from the spectra. Partial Least Squares (PLS) regression was selected because it
effectively handles correlations between spectral channels by projecting the data onto latent variables
(LVs) that are orthogonal (uncorrelated). This approach is similar to Principle Component Analysis
(PCA); however, while PCA identifies principle components that maximize the variance of the pre-
dictors (spectra) alone, PSL selects LVs that maximize the co-variance between the predictors and the
response variable (chlorophyll levels).

To optimize a PLS model, the number of LVs must be carefully selected to balance model com-
plexity and predictive accuracy. Increasing the number of LVs will increase a model’s fit to the training
data and possibly to the test data, but it can lead to overfitting, reducing its ability to generalize to
new data. The Akaike Information Criterion (AIC) was used to determine the optimal number of LVs.
AIC considers the model’s goodness of fit, the number of data points, and complexity (in this case, the
number of LVs) [60]. A lower AIC score indicates a better balance between the model’s goodness of fit
and complexity.

To calculate the AIC score and evaluate the model, a double-nested cross-validation (CV) approach
was used. The outer CV loop split the dataset into a training set (80 leaves) to select the number of
LVs and a validation set (20 leaves) to evaluate the model. The inner CV loop further divided the
training set into 60 leaves for training the PLS model and 20 leaves as a test set to calculate the AIC
and R2 scores. The number of LVs that minimized the AIC score was selected. Since the number of
LVs is chosen based on the inner test set (80 leaves), the model incorporates information from both the
inner training and test sets. Therefore, an independent outer validation set, not used in the inner CV, is
required to evaluate the model’s R2 and mean absolute error (MAE).

Figure 7 shows the relationship between the number of LVs in the PLS model and the test R2

scores (in orange) and AIC scores (in green) for mango leaves. The standard deviations are shown as
shaded regions. The inner CV was run 20 times for each number of LVs to obtain reliable estimates for
the optimal number of LVs. The selected model was then evaluated on the validation set. The outer
CV was run 50 times to estimate validation R2 and MAE scores. In total, the inner CV loop ran 1000
iterations for each number of LVs, and the average results are plotted in Figure 7. The same procedure
was used to find the optimal number of LVs for each of the other four leaves for each sensor. The scans
are plotted in Supplemental Information 4, and the optimal number of LVs for all combinations is
summarized in Table 2. Most plots were similar, except for the high noise level in the rice leaf curves.
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Figure 7. Choosing the number of LVs. PLS hyperparameter tuning scans of mango leaves for the sensors: (a)
AS7262, (b) AS7263, and (c) AS7265x, based on the minimum AIC score (green line). Inner CV R2 test scores are in
orange, with standard deviations as shaded regions, and the minimum AIC score is indicated with the vertical
dashed black line.

Table 2. Optimal number of latent variables for each sensor-leaf combination.

AS7262 AS7263 AS7265x

Banana 6 5 8
Jasmine 4 5 14
Mango 5 5 11
Rice 6 5 6
Sugarcane 6 5 6

3.4. Validation scores

The heatmaps in Figure 8 display the R2 and MAE values for the outer CV validation scores from
the PLS parameter scans. As expected, the AS7265x sensor, with a larger number of channels, had
the best fit for all leaves except rice, which will be discussed later. The AS7265x showed MAE values
around 3.5 µg/cm2, and R2 scores ranging from 0.96 to 0.81, for leaves other than rice. AS7262 and
AS7263 performed similar to each other with MAE values between 3.4 and 5.6 µg/cm2 and R2 scores
in the range of 0.93 to 0.73, with a large performance difference between leaves. The performance of
each individual leaf species will be discussed in the next section.
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Figure 8. Validation scores. Outer CV validation for (a) R2 and (b) MAE scores.

3.5. Results by Leaf Species
3.5.1. Mango Leaves

Figure 9 presents the results of fitting the spectral data to PLS models. Figure 9a-c show actual
versus predicted chlorophyll levels for a single test (green) and training (purple) split for the AS7262
(Figure 9a), AS7263 (Figure 9b), and AS7265x (Figure 9c) sensors. Figure 9d-f shows the learning curves
that plot the MAE for the testing and training sets as a function of the number of leaves used to train
the PLS model.

The AS7262’s R2 scores for the training, test, and validation sets are 0.93, 0.93, and 0.92, respec-
tively, with corresponding MAE scores of 4.85, 5.11, and 5.41 µg/cm2, respectively. The slightly lower
validation score arises because the PLS scans occasionally select a different number of LVs for certain
splits, leading to slightly less optimal fits. Although five LVs best fit the current dataset, four and six
LVs were sometimes selected in the PLS scans as they yielded similar, though somewhat worse, results.
Variability in future datasets, from noise or different spectral characteristics of the leaves, may result in
a different optimal number of LVs. In such cases, using the current PLS model with 5 LVs may slightly
reduce test scores. However, because the validation score accounts for model generalization and
unseen data, it is more representative of future measurements. Most reported scores in the literature,
though, are based on the test set or sometimes even the training set, which may overestimate the
model’s generalizability. This difference should be small for large data sets, as seen in this case.

PLS has only one hyperparameter to tune (the number of LVs) and isolates noise into a smaller
number of higher-order LVs, minimizing the difference between validation and test scores. In contrast,
non-linear regressors with multiple hyperparameters often exhibit larger differences, with test scores
being significantly better than validation scores [61].

The AS7263 exhibited lower performance in fitting chlorophyll levels, with R2 scores of 0.92,
0.91, and 0.90 for the training, test, and validation sets, respectively. The decrease in accuracy may
result from the measured spectral region being less optimal for measuring leaf chlorophyll levels or
from a mismatch between the illuminating LED spectrum and the sensor’s measurement range. Such
a mismatch reduces the signal-to-noise ratio, necessitating longer integration times to compensate.
However, longer integration times cause thermal drift, lowering measurement accuracy.

To evaluate the impact of these factors, the AS7262 test scores were calculated using the same
integration time of 700 ms as AS7263. The longer integration time reduced the AS7262 test R2 score
to 0.91, the same as the AS7263 score. This suggests that the two sensors could perform similarly if
the breakout board was equipped with an IR LED matched to the AS7263’s spectrum. The AS7263
learning curves showed the slowest convergence of the test and training sets, with convergence still
occurring at 80 leaves in the training set.
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Figure 9. Mango leaf results. PLS model fits for mango leaves. (a-c) Predicted versus actual chlorophyll levels
for the sensors: (a) AS7262, (b) AS7263, and (c) AS7265x, with the red dashed line representing a perfect fit. (d-f)
Display the learning curves of the MAE as a function of the number of leaves in the training set for the sensors:
(d) AS7262, (e) AS7263, and (f) AS7265x.

The AS7265x demonstrated the best performance, with validation and test R2 scores of 0.96 and a
training score of 0.98. The learning curves indicated that approximately 48 leaves in the training set
were sufficient for the test and training set scores to level off. However, the learning curves revealed
a persistent gap between the test and training scores rather than convergence. This discrepancy is
caused by the unique geometry of the AS7265x sensor, a factor discussed in the section on rice leaves,
where this effect is more pronounced and easier to observe.

3.5.2. Banana Leaves

Figure 10 presents the results of fitting the spectral data from banana leaves to chlorophyll levels.
The AS7262 performed slightly worse on banana leaves compared to mango leaves, while the AS7263
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showed slightly better performance. This difference could be due to the red/NIR region being more
effective than the visible region for thicker leaves such as banana leaves. The learning curves for the
AS7263 indicated slower convergence, requiring around 60 leaves, compared to the AS7262, which
converged around 32 leaves.

Figure 10. Banana leaf results. PLS model fits for banana leaves. (a-c) Predicted versus actual chlorophyll levels
for the sensors: (a) AS7262, (b) AS7263, and (c) AS7265x, with the red dashed line representing a perfect fit. (d-f)
Display the learning curves of the MAE as a function of the number of leaves in the training set for the sensors:
(d) AS7262, (e) AS7263, and (f) AS7265x.

The AS7265x fit banana leaves similar to mango leaves, with a validation R2 score of 0.95, a test R2

score of 0.96, and a validation MAE of 3.52 µg/cm2. Its learning curves showed that test and training
scores leveled off around 45 leaves, with a persistent gap noted before.

3.5.3. Sugarcane Leaves

Figure 11 shows that the R2 scores for all sensors were lower for sugarcane leaves compared
to mango or banana leaves. This may be due to interference from the prominent midrib and the
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rough texture of sugarcane leaves, which have prominent trichomes (hair-like structures). In contrast,
mango and banana leaves are uniform and smooth, allowing for more consistent measurements. This
highlights a limitation of the AMS sensors, which require a larger measurement area compared to
devices like the SPAD meter. For narrower leaves, such as sugarcane, the larger measuring area can
necessitate including the non-uniform leaf features, such as a midrib, in the measurement, unlike
smaller sensors that can measure just the leaf blade. Additionally, some young leaves did not fully
cover the optical path, potentially reducing measurement accuracy.

Figure 11. Sugarcane leaf results. PLS model fits to sugarcane leaves. (a-c) Predicted versus actual chlorophyll
levels for the sensors: (a) AS7262, (b) AS7263, and (c) AS7265x, with the red dashed line representing a perfect
fit. (d-f) Display the learning curves of the MAE as a function of the number of leaves in the training set for the
sensors: (d) AS7262, (e) AS7263, and (f) AS7265x.

Similar to banana leaves, the AS7263 slightly outperformed the AS7262 in both R2 and MAE
scores, while the AS7265x had the best fit to chlorophyll levels. Notably, although the R2 scores were
worse than those for mango and banana leaves, the MAE values were better. The learning curves
indicated that all sensors were optimally fit by 32 leaves in the training set.
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3.5.4. Jasmine Leaves

Jasmine leaves were selected to examine how different leaf morphology affects the measurement
of chlorophyll levels, as they are less uniform in thickness and have prominent venation. Figure 12
shows that, as expected, all sensors had lower (worse) R2 scores compared to mango or banana leaves,
although MAE values were lower (better). This is due to the narrower range of chlorophyll levels
in jasmine leaves, highlighting how leaf choice and chlorophyll range strongly influence R2 scores.
Notably, the MAE of the reference measurements relative to the leaf average was 1.96 µg/cm2, see
Supplemental Information 2, which will lower the accuracy of fitting chlorophyll levels [62]. Across
all sensors, the learning curves showed that the models were optimally fit using 32-40 leaves in the
training set.

Figure 12. Jasmine leaf results. PLS model fits to jasmine leaves. (a-c) Predicted versus actual chlorophyll levels
for the sensors: (a) AS7262, (b) AS7263, and (c) AS7265x, with the red dashed line representing a perfect fit. (d-f)
Display the learning curves of the MAE as a function of the number of leaves in the training set for the sensors:
(d) AS7262, (e) AS7263, and (f) AS7265x.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 17 March 2025 doi:10.20944/preprints202503.1183.v1

https://doi.org/10.20944/preprints202503.1183.v1


19 of 28

3.5.5. Rice Leaves

Figure 13 presents the fitting results for rice leaves, which are narrower than the other leaves
tested and pose a challenge for AMS sensors to accurately fit chlorophyll levels due to the large
measurement area required for reflection measurements. The learning curves in Figure 13d-f highlight
these challenges, with the test and training scores for the AS7265x failing to converge even with
80 leaves in the training set. In comparison, the AS7263 converged at 80 leaves, while the AS7262
converged at 72 leaves.

Figure 13. Rice leaf results. PLS model fits to rice leaves. (a-c) Predicted versus actual chlorophyll levels for
the sensors: (a) AS7262, (b) AS7263, and (c) AS7265x, with the red dashed line representing a perfect fit. (d-f)
Display the learning curves of the MAE as a function of the number of leaves in the training set for the sensors:
(d) AS7262, (e) AS7263, and (f) AS7265x.

This abnormal behavior in the learning curves is accompanied by two other anomalies. First,
the AS7265x R2 scores for the validation, test, and training sets are 0.75, 0.86, and 0.94, respectively,
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showing a much larger disparity than in other sensor-leaf combinations. Second, rice leaves are the
only leaf type where the AS7265x had a lower validation score than the AS7262 and AS7263 despite its
broader measurement range. A possible explanation for these observations is that the three separate
sensors of the AS7265x (AS72651, AS72652, AS72653) have different apertures, potentially causing
interference when combining different sensor outputs on non-uniform surfaces. To investigate whether
the separate sensors cause these issues, each of the individual sensors in the AS7265x was fit with a
PLS model using 5 LVs, the average optimal number determined for the AS7262 and AS7263 sensors.

Figure 14 presents the test scores of fitting chlorophyll levels for all four conditions: the three
individual chips and the combined output. For all leaves except rice, the individual chips performed
worse than the combined sensor, as expected. However, for rice leaves, the single AS72652 chip
outperformed the combined sensor, implying that combining sensors with different apertures can
reduce performance when measuring non-uniform surfaces. To overcome this, selecting wavelengths
from a single chip, or using a setup to confine the optical path [63,64], can improve performance.

Figure 14. Individual AS7265x chips. Comparison of the performance of the individual chips in the AS7265x
sensor with the combined output for (a) R2 and (b) MAE scores. Rice leaves perform better on some individual
chips, suggesting performance issues when measuring non-uniform surfaces.

4. Discussion
4.1. Sensor Setup and Characterization

The AMS spectral sensors (AS7262, AS7263, and AS7265x) were tested to evaluate their ability to
measure the chlorophyll levels of five species of leaves. The AS7262 has six spectral channels in the
visible range, the AS7263 has six channels in the red/NIR region, and the AS7265x has 18 channels
spanning the visible to NIR spectrum. The sensors were tested on SparkFun breakout boards that
included LEDs for illumination. All sensors are equipped with a white LED, while the AS7625x
includes UV and IR LEDs. The breakout boards were connected to a SparkFun Arduino-compatible
microcontroller through a Qwiic multiplexer. The microcontroller code to operate the sensor and a
GUI for data collection are available at https://github.com/KyleLopin/asm_chloro_test/tree/master/
source

Each sensor has a current sink pin to drive the illumination LEDs. Through electrical measure-
ments and chlorophyll data fitting, 12.5 mA was determined to be the optimal current level for all
sensors, see Supplemental Information 1 and 3. This is likely due to heat generated by the sensors
while sinking higher currents, which can reduce spectral accuracy. Different integration times were
tested, and it was found that the AS7262 and AS7265x performed best at the shortest tested integration
time (140 ms). This is likely due to thermal drift increasing at longer times, as the LED remains active
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for a longer duration. In contrast, the AS7263 performed best at the longest integration time tested
(700 ms), likely due to the lower signal level in its NIR measuring range provided by the breakout
board’s white LED.

4.2. Data Preparation and Model Selection

Reference leaf chlorophyll measurements were made in triplicate using standard extraction
methods, and outliers were removed from the data using a 3-sigma cutoff. The data and results for
this procedure are shown in Supplemental Information 2.

The sensors collected spectra from the leaves, and spectral outliers were removed using a 3-sigma
cutoff based on the Mahalanobis distance of the residues of each individual spectrum relative to the
other two spectra from the same leaf. This method effectively removed outliers while preserving
samples with unique features, such as those found in newly formed leaves, compared to calculating
the Mahalanobis distance to the full spectral dataset.

Partial Least Squared (PLS) models were used to fit the spectra to reference chlorophyll levels.
The optimal number of latent variables (LVs) was determined using the Akaike Information Criterion
(AIC), which balances goodness of fit with model complexity [65]. A nested cross-validation approach
was employed to evaluate the model and prevent data leakage. The dataset was split into validation,
test, and training subsets. The training set was used to generate the PLS model, the test set was used
to calculate the AIC score and select the optimal number of LVs, and the validation set was used to
evaluate the model performance and calculate the R2 and MAE scores.

4.3. Sensor Performance

Figure 8 presents heatmaps of the R2 and MAE values for the validation set, illustrating the
performance of each sensor across different leaf species. Each sensor exhibited a spread between
different leaf species of 2 µg/cm2 in MAE and 0.2 in R2, highlighting variability in performance
between species. Additionally, N-way ANOVA results in Supplemental Information 3 showed that
leaf species statistically affected the results, with p-values smaller than the tolerance level.

The variability in Figure 8 aligns with findings from previous studies, which also observed
significant differences in chlorophyll measurement accuracy across species. For example, the R2

between atLEAF CHL PLUS sensor readings and chlorophyll levels was 0.95 for beech trees but only
0.83 for silver birch trees [66]. Similarly, R2 scores for shrubs ranged from 0.82 for honeysuckle to 0.34
for buckthorn [67]. These patterns are consistent with the current results, showing higher R2 scores for
chlorophyll models for tree leaves compared to shrubs.

Additionally, a study using AS7262 and AS7263 sensors in combination reported a similar range of
R2 values for nitrogen content, from 0.63 for wheat to 0.82 for soybeans [39]. These findings underscore
that the performance of chlorophyll sensors cannot be judged in isolation, but the species of leaves
being measured should also be considered.

To put the sensors performances on mango leaves, with MAEs of 3.6-5.6 µg/cm2, in perspective,
different mango cultivars within the same season can have average chlorophyll levels ranging from
91 to 50 µg/cm2, while the same cultivar can exhibit seasonal variations from 91 to 31 µg/cm2 [68].
Typical mango plantations yield around five metric tons per hectare, but well-managed plantations
can achieve yields of 20-30 metric tons per hectare, emphasizing the need for tools to support optimal
management practices [69]. Previous studies have reported R2 scores of 0.91 for correlating SPAD
measurements to chlorophyll levels and 0.94 for a high-resolution spectrometer covering a range from
282 to 1097 nm [70]. These findings, together with the current results, highlight that the uniform and
smooth surface of mango leaves allows accurate chlorophyll measurement, with AMS sensors showing
comparable or slightly improved performance over previous reports.

Previous research on banana leaves reported an R2 of 0.86 for measuring chlorophyll levels with a
SPAD meter [71] and 0.65 for a UAV-mounted camera [72]. All sensors demonstrate sufficient accuracy
for monitoring the health and development of banana plants, as Mg2+ deficiencies have been shown
to cause a 50% reduction in chlorophyll levels [73]. Additionally, developmental studies indicate that
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chlorophyll levels in banana leaves increase by 35% between 90 and 150 days after planting, while
different fertilizer treatments can lead to a 65% increase in chlorophyll levels [74].

Previous studies on correlating sugarcane leaf chlorophyll levels with SPAD readings have re-
ported R2 scores ranging from 0.92 to 0.65 depending on the plant’s growth stage [75,76]. Additionally,
the FieldSpec 3 spectroradiometer achieved R2 scores ranging from 0.77 to 0.61, which was accurate
enough to distinguish between different fertilizer treatments [77]. Chlorophyll levels in sugarcane
leaves have also shown a strong correlation with yield (R2=0.87) [75]. The performance of all three
AMS sensors in this study was comparable to or better than previous reports, with the AS7265x
performing the best of the AMS sensors.

Rice leaves were best fit by the AS7262 sensor, with an R2 score of 0.88 and a MAE of 4.72 µg/cm2.
The full AS7265x sensor performed worse on rice leaves, though if the channels of the single AS72652
sensor are used, a better R2 score of 0.86 and a MAE of 4.51 µg/cm2 were achieved. This is comparable
to previous reports of fitting SPAD measurements to chlorophyll levels. Among 22 species tested
using the SPAD meter, rice had the lowest R2 score of 0.82 [78]. Another study found that across two
cultivars and three stages of rice growth, SPAD R2 scores ranged from 0.71 to 0.86 [79].

It has also been reported that using the destructive measurement method, even within the same
leaf layer, the standard deviation of chlorophyll levels was approximately 5 µg/cm2, which is similar
to the error reported by all AMS sensors [80]. The same study showed that the difference in chlorophyll
levels between rice without fertilizer and with 240 kg ha−1 nitrogen fertilizer added was 30-40 µg/cm2

(for the fourth leaf upon emergence). Additionally, chlorophyll levels in leaves without nitrogen
fertilizer applied decreased from 44 to 28 µg/cm2 between the V1 and R1 stages (approximately 7 to 50
days after germination), while chlorophyll levels remained stable when nitrogen fertilizer was applied
[80].

Site Specific Nitrogen Management (SSNM) studies frequently use SPAD readings, including one
study that varied nitrogen application based on SPAD readings of > 40, 40–35, and < 35 [81]. Using
previously published SPAD to chlorophyll conversion equations, this corresponds to > 63.6, 63.6-57.5,
and < 57.5 µg/cm2 [78]. This range is close to the MAE of the AMS sensors and within the variability
of chlorophyll levels within the same leaf layer. More research is needed to determine whether AMS
sensors can be used effectively for SSNM. However, their comparable performance to SPAD meters is
promising.

4.4. Overall Performance and Limitations

A key distinction between AMS sensors and commercial chlorophyll meters like SPAD is their
need for additional hardware and programming. Unlike standalone SPAD meters, AMS sensors
require a microcontroller and dedicated software, which limits their ease of use. Although AMS
sensor-based devices have been reported for specific applications, future work is needed to develop
open-source devices. This would also enable the integration of additional features such as IoT, AI, and
edge computing if desired.

Additionally, sensor design affects accuracy, as the AS7265x consists of three separate sensors,
each with its own aperture, which introduces inconsistencies when measuring non-uniform surfaces,
such as narrow leaves. This limitation may reduce its accuracy compared to single-aperture sensors
like the AS7262 and AS7263. However, optical diffusers may help mitigate this by homogenizing the
light entering each sensor, though this would increase both the complexity and cost of the device.

As demonstrated in this report, calibration models must also be developed to correlate sensor
output with chlorophyll levels, which are determined using a destructive method. The learning
curves presented in this report provide guidance on how many leaves are required for calibration.
For example, Figure 11 shows that the AS7262 sensor can estimate chlorophyll levels in sugarcane
leaves with an error of 4 µg/cm2 using a calibration model with 32 leaves, equivalent to around one
week of data collection. Once calibrated, these sensors can rapidly and efficiently measure hundreds
to thousands of other leaves.
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Despite these limitations, the low cost and reasonable accuracy of AMS sensors make them a
potentially valuable tool for agricultural applications. The AS7262, priced at just $28, offers moderate
accuracy, making it ideal for cost-sensitive applications, such as education or recreational use. The
AS7265x, costing $70, provides better accuracy, offering comparable or better performance than the
more expensive SPAD meter ($1,000) and atLEAF meter ($250). However, further development of
open-source devices is still needed to improve usability. This combination of affordability and accuracy
highlights the potential of AMS sensors for precision agriculture, particularly for small-scale farmers
who require cost-effective solutions to optimize inputs like fertilizers and improve crop yields.

5. Conclusions
The low-cost AMS sensors (AS7262, AS7263, and AS7265x) were used to fit chlorophyll levels

using Partial Least Squares (PLS) regression. To ensure robustness and prevent data leakage, the
models were evaluated using the validation set from an outer nested cross-validation approach. The
AS7265x, a collection of three 6-channel sensors, demonstrated good performance on smooth, uniform
leaves such as those of banana and mango, with R2 scores of 0.95-0.96. For non-uniform leaves,
jasmine, sugarcane, and rice, the AS7265x achieved R2 scores ranging from 0.75 to 0.85. The low-cost
6-channel AS7262 and AS7263 sensors achieved R2 scores between 0.93 and 0.86 for smooth, uniform
leaves, and 0.85-0.73 for the other leaves. These results demonstrate that affordable AMS sensors can
reliably measure chlorophyll levels across various leaf types, with performance varying based on leaf
morphology, making them a promising tool for precision agriculture applications such as optimizing
nutrient management and monitoring crop development.
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12. Zsebő, S.; Bede, L.; Kukorelli, G.; Kulmány, I.M.; Milics, G.; Stencinger, D.; Teschner, G.; Varga, Z.; Vona, V.;
Kovács, A.J. Yield Prediction Using NDVI Values from GreenSeeker and MicaSense Cameras at Different
Stages of Winter Wheat Phenology. Drones 2024, 8, 88. https://doi.org/10.3390/drones8030088.

13. Ata-Ul-Karim, S.T.; Cao, Q.; Zhu, Y.; Tang, L.; Rehmani, M.I.A.; Cao, W. Non-Destructive Assessment of
Plant Nitrogen Parameters Using Leaf Chlorophyll Measurements in Rice. Frontiers in Plant Science 2016, 7.
https://doi.org/10.3389/fpls.2016.01829.

14. Chivenge, P.; Zingore, S.; Ezui, K.S.; Njoroge, S.; Bunquin, M.A.; Dobermann, A.; Saito, K. Progress in
Research on Site-Specific Nutrient Management for Smallholder Farmers in Sub-Saharan Africa. Field Crops
Research 2022, 281, 108503. https://doi.org/10.1016/j.fcr.2022.108503.

15. Schnitkey, G.; Paulson, N.; Zulauf, C.; Swanson, K.; Colussi, J.; Baltz, a.J. Nitrogen Fertilizer Prices and
Supply in Light of the Ukraine-Russia Conflict. farmdoc daily 2022, 12.

16. Hollister, J.W.; Kellogg, D.Q.; Lei-Parent, Q.; Wilson, E.; Chadwick, C.; Dickson, D.; Gold, A.; Arnold, C.
Nsink: An R Package for Flow Path Nitrogen Removal Estimation. Journal of Open Source Software 2022,
7, 4039. https://doi.org/10.21105/joss.04039.

17. Maaz, T.M.; Sapkota, T.B.; Eagle, A.J.; Kantar, M.B.; Bruulsema, T.W.; Majumdar, K. Meta-Analysis of
Yield and Nitrous Oxide Outcomes for Nitrogen Management in Agriculture. Global Change Biology 2021,
27, 2343–2360. https://doi.org/10.1111/gcb.15588.

18. Albornoz, F. Crop Responses to Nitrogen Overfertilization: A Review. Scientia Horticulturae 2016, 205, 79–83.
https://doi.org/10.1016/j.scienta.2016.04.026.

19. Kong, L.; Xie, Y.; Hu, L.; Si, J.; Wang, Z. Excessive Nitrogen Application Dampens Antioxidant Capacity and
Grain Filling in Wheat as Revealed by Metabolic and Physiological Analyses. Scientific Reports 2017, 7, 43363.
https://doi.org/10.1038/srep43363.

20. Mittermayer, M.; Gilg, A.; Maidl, F.X.; Nätscher, L.; Hülsbergen, K.J. Site-specific Nitrogen Balances
Based on Spatially Variable Soil and Plant Properties. Precision Agriculture 2021, 22, 1416–1436. https:
//doi.org/10.1007/s11119-021-09789-9.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 17 March 2025 doi:10.20944/preprints202503.1183.v1

https://doi.org/10.1029/2009GB003621
https://doi.org/10.1007/s11119-019-09661-x
https://doi.org/10.1007/s11119-019-09661-x
https://doi.org/10.1007/978-3-030-33157-3_14
https://doi.org/10.1007/978-3-030-33157-3_14
https://doi.org/10.3390/rs11151752
https://doi.org/10.1016/j.ohx.2022.e00277
https://doi.org/10.1016/j.ohx.2024.e00596
https://doi.org/10.1371/journal.pone.0225126
https://doi.org/10.1080/01904167.2018.1458874
https://doi.org/10.1080/01904167.2018.1458874
https://doi.org/10.1007/s11099-015-0172-8
https://doi.org/10.1007/s11099-015-0172-8
https://doi.org/10.3390/drones8030088
https://doi.org/10.3389/fpls.2016.01829
https://doi.org/10.1016/j.fcr.2022.108503
https://doi.org/10.21105/joss.04039
https://doi.org/10.1111/gcb.15588
https://doi.org/10.1016/j.scienta.2016.04.026
https://doi.org/10.1038/srep43363
https://doi.org/10.1007/s11119-021-09789-9
https://doi.org/10.1007/s11119-021-09789-9
https://doi.org/10.20944/preprints202503.1183.v1


25 of 28

21. Franzen, D.; Kitchen, N.; Holland, K.; Schepers, J.; Raun, W. Algorithms for In-Season Nutrient Management
in Cereals. Agronomy Journal 2016, 108, 1775–1781. https://doi.org/10.2134/agronj2016.01.0041.

22. Rudnick, J.; Lubell, M.; Khalsa, S.D.S.; Tatge, S.; Wood, L.; Sears, M.; Brown, P.H. A Farm Systems Approach
to the Adoption of Sustainable Nitrogen Management Practices in California. Agriculture and Human Values
2021, 38, 783–801. https://doi.org/10.1007/s10460-021-10190-5.

23. Wang, J.; Shi, X.; Xu, Y.; Dong, C. Nitrogen Management Based on Visible/Near Infrared Spectroscopy in
Pear Orchards. Remote Sensing 2021, 13, 927. https://doi.org/10.3390/rs13050927.

24. Cao, Q.; Miao, Y.; Shen, J.; Yu, W.; Yuan, F.; Cheng, S.; Huang, S.; Wang, H.; Yang, W.; Liu, F. Improving
In-Season Estimation of Rice Yield Potential and Responsiveness to Topdressing Nitrogen Application with
Crop Circle Active Crop Canopy Sensor. Precision Agriculture 2016, 17, 136–154. https://doi.org/10.1007/s1
1119-015-9412-y.

25. Saudy, H.S. Chlorophyll Meter as a Tool for Forecasting Wheat Nitrogen Requirements after Application of
Herbicides. Archives of Agronomy and Soil Science 2014, 60, 1077–1090. https://doi.org/10.1080/03650340.201
3.866226.

26. Ghosh, M.; Roychowdhury, A.; Dutta, S.K.; Hazra, K.K.; Singh, G.; Kohli, A.; Kumar, S.; Acharya, S.; Mandal,
J.; Singh, Y.K.; et al. SPAD Chlorophyll Meter-Based Real-Time Nitrogen Management in Manure-Amended
Lowland Rice. Journal of Soil Science and Plant Nutrition 2023, 23, 5993–6005. https://doi.org/10.1007/s42729
-023-01457-3.

27. Bijay-Singh.; Ali, A.M. Using Hand-Held Chlorophyll Meters and Canopy Reflectance Sensors for Fertilizer
Nitrogen Management in Cereals in Small Farms in Developing Countries. Sensors 2020, 20, 1127. https:
//doi.org/10.3390/s20041127.

28. Ali, A.M.; Salem, H.M.; Bijay-Singh. Site-Specific Nitrogen Fertilizer Management Using Canopy Reflectance
Sensors, Chlorophyll Meters and Leaf Color Charts: A Review. Nitrogen 2024, 5, 828–856. https://doi.org/
10.3390/nitrogen5040054.

29. Lesiv, M.; Laso Bayas, J.C.; See, L.; Duerauer, M.; Dahlia, D.; Durando, N.; Hazarika, R.; Kumar Sahariah, P.;
Vakolyuk, M.; Blyshchyk, V.; et al. Estimating the Global Distribution of Field Size Using Crowdsourcing.
Global Change Biology 2019, 25, 174–186. https://doi.org/10.1111/gcb.14492.

30. Ren, C.; Liu, S.; van Grinsven, H.; Reis, S.; Jin, S.; Liu, H.; Gu, B. The Impact of Farm Size on Agricultural
Sustainability. Journal of Cleaner Production 2019, 220, 357–367. https://doi.org/10.1016/j.jclepro.2019.02.151.

31. Wu, Y.; Xi, X.; Tang, X.; Luo, D.; Gu, B.; Lam, S.K.; Vitousek, P.M.; Chen, D. Policy Distortions, Farm Size,
and the Overuse of Agricultural Chemicals in China. Proceedings of the National Academy of Sciences 2018,
115, 7010–7015. https://doi.org/10.1073/pnas.1806645115.

32. Ospino-Villalba, K.; Gaviria, D.; Pineda, D.; Pérez, J. A 3D-Printable Smartphone Accessory for Plant Leaf
Chlorophyll Measurement. HardwareX 2024, 20. https://doi.org/10.1016/j.ohx.2024.e00597.

33. Hassanijalilian, O.; Igathinathane, C.; Doetkott, C.; Bajwa, S.; Nowatzki, J.; Haji Esmaeili, S.A. Chlorophyll
Estimation in Soybean Leaves Infield with Smartphone Digital Imaging and Machine Learning. Computers
and Electronics in Agriculture 2020, 174, 105433. https://doi.org/10.1016/j.compag.2020.105433.

34. Sala, F.; Herbei, M.V. Evaluation of Different Methods and Models for Grass Cereals’ Production Estimation:
Case Study in Wheat. Agronomy 2023, 13, 1500.

35. Kamarianakis, Z.; Panagiotakis, S. Design and Implementation of a Low-Cost Chlorophyll Content Meter.
Sensors (Basel, Switzerland) 2023, 23, 2699. https://doi.org/10.3390/s23052699.

36. Andrianto, H.; Suhardi, S.; Faizal, A. Performance Evaluation of Low-Cost IoT Based Chlorophyll Meter.
Bulletin of Electrical Engineering and Informatics 2020, 9, 956–963. https://doi.org/10.11591/eei.v9i3.2014.

37. Putra, B.T.W. New Low-Cost Portable Sensing System Integrated with on-the-Go Fertilizer Application
System for Plantation Crops. Measurement 2020, 155, 107562.

38. Li, L.; Guo, J.; Wang, Q.; Wang, J.; Liu, Y.; Shi, Y. Design and Experiment of a Portable Near-Infrared
Spectroscopy Device for Convenient Prediction of Leaf Chlorophyll Content. Sensors 2023, 23, 8585.

39. Habibullah, M.; Mohebian, M.R.; Soolanayakanahally, R.; Wahid, K.A.; Dinh, A. A Cost-Effective and
Portable Optical Sensor System to Estimate Leaf Nitrogen and Water Contents in Crops. Sensors 2020,
20, 1449. https://doi.org/10.3390/s20051449.

40. Tran, T.N.; Keller, R.; Trinh, V.Q.; Tran, K.Q.; Kaldenhoff, R. Multi-Channel Spectral Sensors as Plant
Reflectance Measuring Devices—Toward the Usability of Spectral Sensors for Phenotyping of Sweet Basil
(Ocimum Basilicum). Agronomy 2022, 12, 1174. https://doi.org/10.3390/agronomy12051174.

41. Noguera, M.; Millan, B.; Andújar, J.M. New, Low-Cost, Hand-Held Multispectral Device for In-Field
Fruit-Ripening Assessment. Agriculture 2023, 13, 4. https://doi.org/10.3390/agriculture13010004.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 17 March 2025 doi:10.20944/preprints202503.1183.v1

https://doi.org/10.2134/agronj2016.01.0041
https://doi.org/10.1007/s10460-021-10190-5
https://doi.org/10.3390/rs13050927
https://doi.org/10.1007/s11119-015-9412-y
https://doi.org/10.1007/s11119-015-9412-y
https://doi.org/10.1080/03650340.2013.866226
https://doi.org/10.1080/03650340.2013.866226
https://doi.org/10.1007/s42729-023-01457-3
https://doi.org/10.1007/s42729-023-01457-3
https://doi.org/10.3390/s20041127
https://doi.org/10.3390/s20041127
https://doi.org/10.3390/nitrogen5040054
https://doi.org/10.3390/nitrogen5040054
https://doi.org/10.1111/gcb.14492
https://doi.org/10.1016/j.jclepro.2019.02.151
https://doi.org/10.1073/pnas.1806645115
https://doi.org/10.1016/j.ohx.2024.e00597
https://doi.org/10.1016/j.compag.2020.105433
https://doi.org/10.3390/s23052699
https://doi.org/10.11591/eei.v9i3.2014
https://doi.org/10.3390/s20051449
https://doi.org/10.3390/agronomy12051174
https://doi.org/10.3390/agriculture13010004
https://doi.org/10.20944/preprints202503.1183.v1


26 of 28

42. Noguera, M.; Millan, B.; Aquino, A.; Andújar, J.M. Methodology for Olive Fruit Quality Assessment by
Means of a Low-Cost Multispectral Device. Agronomy 2022, 12, 979. https://doi.org/10.3390/agronomy120
50979.

43. Sulistyo, S.B.; Siswantoro.; Margiwiyatno, A.; Masrukhi.; Mustofa, A.; Sudarmaji, A.; Ediati, R.; Listanti,
R.; Hidayat, H.H. Handheld Arduino-Based near Infrared Spectrometer for Non-Destructive Quality
Evaluation of Siamese Oranges. IOP Conference Series: Earth and Environmental Science 2021, 653, 012119.
https://doi.org/10.1088/1755-1315/653/1/012119.

44. Srinivasagan, R.; Mohammed, M.; Alzahrani, A. TinyML-Sensor for Shelf Life Estimation of Fresh Date
Fruits. Sensors 2023, 23, 7081. https://doi.org/10.3390/s23167081.

45. Sharma, A.; Kumar, R.; Kumar, N.; Saxena, V. Machine Learning Driven Portable Vis-SWNIR Spectropho-
tometer for Non-Destructive Classification of Raw Tomatoes Based on Lycopene Content. Vibrational
Spectroscopy 2024, 130, 103628. https://doi.org/10.1016/j.vibspec.2023.103628.

46. Sharma, A.; Kumar, R.; Kumar, N.; Kaur, K.; Saxena, V.; Ghosh, P. Chemometrics Driven Portable Vis-SWNIR
Spectrophotometer for Non-Destructive Quality Evaluation of Raw Tomatoes. Chemometrics and Intelligent
Laboratory Systems 2023, 242, 105001. https://doi.org/10.1016/j.chemolab.2023.105001.

47. Chen, C.L.; Liao, Y.C.; Fang, M. Freshness Evaluation of Grouper Fillets by Inexpensive E-Nose and
Spectroscopy Sensors. Microchemical Journal 2024, 198, 110145. https://doi.org/10.1016/j.microc.2024.11014
5.

48. Sutherland, C.; Henderson, A.D.; Giosio, D.R.; Trotter, A.J.; Smith, G.G. Synchronising an IMX219 Image
Sensor and AS7265x Spectral Sensor to Make a Novel Low-Cost Spectral Camera. HardwareX 2024, 19, e00573.
https://doi.org/10.1016/j.ohx.2024.e00573.

49. D. Stevens, J.; Murray, D.; Diepeveen, D.; Toohey, D. Adaptalight: An Inexpensive PAR Sensor System for
Daylight Harvesting in a Micro Indoor Smart Hydroponic System. Horticulturae 2022, 8, 105.

50. Botero-Valencia, J.S.; Mejia-Herrera, M. Modular System for UV–Vis-NIR Radiation Measurement with
Wireless Communication. HardwareX 2021, 10, e00236.

51. Chen, S.T.; Ward, C.P.; Long, M.H. Quantifying Pelagic Primary Production and Respiration via an Au-
tomated in Situ Incubation System. Limnology and Oceanography: Methods 2023, 21, 495–507. https:
//doi.org/10.1002/lom3.10560.

52. Duncan, L.; Miller, B.; Shaw, C.; Graebner, R.; Moretti, M.L.; Walter, C.; Selker, J.; Udell, C. Weed Warden: A
Low-Cost Weed Detection Device Implemented with Spectral Triad Sensor for Agricultural Applications.
HardwareX 2022, 11, e00303. https://doi.org/10.1016/j.ohx.2022.e00303.

53. Moran, R. Formulae for Determination of Chlorophyllous Pigments Extracted with N,N-Dimethylformamide.
Plant Physiology 1982, 69, 1376. https://doi.org/10.1104/pp.69.6.1376.

54. Yin, L.; Lv, L.; Wang, D.; Qu, Y.; Chen, H.; Deng, W. Spectral Clustering Approach with K-Nearest Neighbor
and Weighted Mahalanobis Distance for Data Mining. Electronics 2023, 12, 3284. https://doi.org/10.3390/
electronics12153284.

55. Sáez, J.A.; Romero-Béjar, J.L. Impact of Regressand Stratification in Dataset Shift Caused by Cross-Validation.
Mathematics 2022, 10, 2538. https://doi.org/10.3390/math10142538.

56. Karabourniotis, G.; Liakopoulos, G.; Bresta, P.; Nikolopoulos, D. The Optical Properties of Leaf Structural
Elements and Their Contribution to Photosynthetic Performance and Photoprotection. Plants 2021, 10, 1455.
https://doi.org/10.3390/plants10071455.

57. Sukhova, E.; Zolin, Y.; Grebneva, K.; Berezina, E.; Bondarev, O.; Kior, A.; Popova, A.; Ratnitsyna, D.; Yudina,
L.; Sukhov, V. Development of Analytical Model to Describe Reflectance Spectra in Leaves with Palisade
and Spongy Mesophyll. Plants 2024, 13, 3258. https://doi.org/10.3390/plants13223258.

58. Yuan, K.H.; Fung, W.K.; Reise, S.P. Three Mahalanobis Distances and Their Role in Assessing Uni-
dimensionality. British Journal of Mathematical and Statistical Psychology 2004, 57, 151–165. https:
//doi.org/10.1348/000711004849231.

59. Akhtar, N.; Hayat, M.Q.; Habib, U.; Khan, M.A.; Malik, S.I.; Hafeez, H.; Hussain, A.; Hussain, A.; Potter, D.
Comparative Taxonomy and Evolutionary Significance of Foliar Epidermis in Jasminum L. (Oleaceae) Based
on Light and Scanning Electron Microscopy. Flora 2024, 310, 152419. https://doi.org/10.1016/j.flora.2023.1
52419.

60. Aho, K.; Derryberry, D.; Peterson, T. Model Selection for Ecologists: The Worldviews of AIC and BIC. Ecology
2014, 95, 631–636. https://doi.org/10.1890/13-1452.1.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 17 March 2025 doi:10.20944/preprints202503.1183.v1

https://doi.org/10.3390/agronomy12050979
https://doi.org/10.3390/agronomy12050979
https://doi.org/10.1088/1755-1315/653/1/012119
https://doi.org/10.3390/s23167081
https://doi.org/10.1016/j.vibspec.2023.103628
https://doi.org/10.1016/j.chemolab.2023.105001
https://doi.org/10.1016/j.microc.2024.110145
https://doi.org/10.1016/j.microc.2024.110145
https://doi.org/10.1016/j.ohx.2024.e00573
https://doi.org/10.1002/lom3.10560
https://doi.org/10.1002/lom3.10560
https://doi.org/10.1016/j.ohx.2022.e00303
https://doi.org/10.1104/pp.69.6.1376
https://doi.org/10.3390/electronics12153284
https://doi.org/10.3390/electronics12153284
https://doi.org/10.3390/math10142538
https://doi.org/10.3390/plants10071455
https://doi.org/10.3390/plants13223258
https://doi.org/10.1348/000711004849231
https://doi.org/10.1348/000711004849231
https://doi.org/10.1016/j.flora.2023.152419
https://doi.org/10.1016/j.flora.2023.152419
https://doi.org/10.1890/13-1452.1
https://doi.org/10.20944/preprints202503.1183.v1


27 of 28

61. Krstajic, D.; Buturovic, L.J.; Leahy, D.E.; Thomas, S. Cross-Validation Pitfalls When Selecting and Assessing
Regression and Classification Models. Journal of Cheminformatics 2014, 6, 10. https://doi.org/10.1186/1758
-2946-6-10.

62. Michelucci, U.; Venturini, F. New Metric Formulas That Include Measurement Errors in Machine Learning
for Natural Sciences. Expert Systems with Applications 2023, 224, 120013. https://doi.org/10.1016/j.eswa.20
23.120013.

63. Acevedo-Correa, C.; Goez, M.; Torres-Madronero, M.C.; Rondon, T. Low-Cost Clamp for the Measurement
of Vegetation Spectral Signatures. HardwareX 2024, 19. https://doi.org/10.1016/j.ohx.2024.e00557.

64. Tunens, G.; Einbergs, E.; Laganovska, K.; Zolotarjovs, A.; Vilks, K.; Skuja, L.; Smits, K. Optical Fiber-Based
Open Source Low Cost Portable Spectrometer System. HardwareX 2024, 18. https://doi.org/10.1016/j.ohx.
2024.e00530.

65. Nengsih, T.A.; Bertrand, F.; Maumy-Bertrand, M.; Meyer, N. Determining the Number of Components in PLS
Regression on Incomplete Data. Statistical Applications in Genetics and Molecular Biology 2019, 18, 20180059,
[arXiv:stat/1810.08104]. https://doi.org/10.1515/sagmb-2018-0059.

66. Brown, L.A.; Williams, O.; Dash, J. Calibration and Characterisation of Four Chlorophyll Meters and
Transmittance Spectroscopy for Non-Destructive Estimation of Forest Leaf Chlorophyll Concentration.
Agricultural and Forest Meteorology 2022, 323, 109059. https://doi.org/10.1016/j.agrformet.2022.109059.

67. Donnelly, A.; Yu, R.; Rehberg, C.; Meyer, G.A.; Young, E.B. Leaf Chlorophyll Estimates of Temperate
Deciduous Shrubs during Autumn Senescence Using a SPAD-502 Meter and Calibration with Extracted
Chlorophyll. Annals of Forest Science 2020, 77, 1–12.

68. Pandey, S.; Tyagi, D. Changes in Chlorophyll Content and Photosynthetic Rate of Four Cultivars of Mango
during Reproductive Phase. Biologia Plantarum 1999, 42, 457–461. https://doi.org/10.1023/A:1002446125960.

69. Ganeshamurthy, AN.; Rupa, TR.; Shivananda, TN. Enhancing Mango Productivity through Sustainable
Resource Management. Journal of Horticultural Sciences 2018, 13, 1–31.

70. Mahajan, G.R.; Das, B.; Murgaokar, D.; Herrmann, I.; Berger, K.; Sahoo, R.N.; Patel, K.; Desai, A.; Morajkar,
S.; Kulkarni, R.M. Monitoring the Foliar Nutrients Status of Mango Using Spectroscopy-Based Spectral
Indices and PLSR-Combined Machine Learning Models. Remote Sensing 2021, 13, 641. https://doi.org/10.3
390/rs13040641.

71. Abro, B.A.; Memon, M.; Hassan, Z.U.; Arain, M.Y.; Razaq, A.; Abro, D.A.; Ali, S. Assessing Nitrogen
Nutrition of Banana Basrai (Dwarf Cavendish) through Leaf Analysis and Chlorophyll Determination.
Pakistan Journal of Botany 2021, 53. https://doi.org/10.30848/PJB2021-5(39).

72. Rabatel, G.; Lamour, J.; Moura, D.; Naud, O. A Multispectral Processing Chain for Chlorophyll Content
Assessment in Banana Fields by UAV Imagery. In Precision Agriculture’19; Wageningen Academic, 2019; pp.
413–419.

73. Kan, B.; Yang, Y.; Du, P.; Li, X.; Lai, W.; Hu, H. Chlorophyll Decomposition Is Accelerated in Banana
Leaves after the Long-Term Magnesium Deficiency According to Transcriptome Analysis. PLOS ONE 2022,
17, e0270610. https://doi.org/10.1371/journal.pone.0270610.

74. Meghwal, M.L.; Jyothi, M.L.; Pushpalatha, P.B.; Bhaskar, J.; Beena, V.I.; Thulasi, V. Influence of Nutrient
Sources on Chlorophyll Content and Other Leaf Parameters of Banana Musa (AAB) Nendran. Agricultural
Science Digest 2021.

75. Radhamani, R.; Kannan, R.; Rakkiyappan, P. Leaf Chlorophyll Meter Readings as an Indicator for Sugarcane
Yield Under Iron Deficient Typic Haplustert. Sugar Tech 2016, 18, 61–66. https://doi.org/10.1007/s12355-0
14-0363-9.

76. Harakotr, P.; Sornpha, W.; Khonghintaisong, J.; Gonkhamdee, S.; Songsri, P.; Jongrungklang, N. Correlation
between Rapid Measurement and Leaf Chlorophyll Content of Various Sugarcane Genotypes at Different
Growth Phases. Asian Journal of Plant Sciences 2024, 23, 367–376. https://doi.org/10.3923/ajps.2024.367.376.

77. Martins, J.A.; Fiorio, P.R.; Barros, P.P.d.S.; Demattê, J.A.M.; Molin, J.P.; Cantarella, H.; Neale, C.M.U. Potential
Use of Hyperspectral Data to Monitor Sugarcane Nitrogen Status. Acta Scientiarum. Agronomy 2020,
43, e47632.

78. Parry, C.; BLONQUIST Jr., J.M.; Bugbee, B. In Situ Measurement of Leaf Chlorophyll Concentration:
Analysis of the Optical/Absolute Relationship. Plant, Cell & Environment 2014, 37, 2508–2520. https:
//doi.org/10.1111/pce.12324.

79. Behera, S.D.; Garnayak, L.M.; Behera, B.; Panda, R.K. Chlorophyll Content and SPAD Value Relationships
Between Varying Nitrogen Application and Cultivar in Rice. Journal of the Indian Society of Coastal Agricultural
Research 2022, 40, 23–30. https://doi.org/10.54894/JISCAR.40.1.2022.116784.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 17 March 2025 doi:10.20944/preprints202503.1183.v1

https://doi.org/10.1186/1758-2946-6-10
https://doi.org/10.1186/1758-2946-6-10
https://doi.org/10.1016/j.eswa.2023.120013
https://doi.org/10.1016/j.eswa.2023.120013
https://doi.org/10.1016/j.ohx.2024.e00557
https://doi.org/10.1016/j.ohx.2024.e00530
https://doi.org/10.1016/j.ohx.2024.e00530
http://arxiv.org/abs/1810.08104
https://doi.org/10.1515/sagmb-2018-0059
https://doi.org/10.1016/j.agrformet.2022.109059
https://doi.org/10.1023/A:1002446125960
https://doi.org/10.3390/rs13040641
https://doi.org/10.3390/rs13040641
https://doi.org/10.30848/PJB2021-5(39)
https://doi.org/10.1371/journal.pone.0270610
https://doi.org/10.1007/s12355-014-0363-9
https://doi.org/10.1007/s12355-014-0363-9
https://doi.org/10.3923/ajps.2024.367.376
https://doi.org/10.1111/pce.12324
https://doi.org/10.1111/pce.12324
https://doi.org/10.54894/JISCAR.40.1.2022.116784
https://doi.org/10.20944/preprints202503.1183.v1


28 of 28

80. Zhang, J.; Wan, L.; Igathinathane, C.; Zhang, Z.; Guo, Y.; Sun, D.; Cen, H. Spatiotemporal Heterogeneity of
Chlorophyll Content and Fluorescence Response Within Rice (Oryza Sativa L.) Canopies Under Different
Nitrogen Treatments. Frontiers in Plant Science 2021, 12. https://doi.org/10.3389/fpls.2021.645977.

81. Ali, A.M.; Thind, H.S.; Sharma, S.; Singh, YADVINDER. Site-Specific Nitrogen Management in Dry
Direct-Seeded Rice Using Chlorophyll Meter and Leaf Colour Chart. Pedosphere 2015, 25, 72–81. https:
//doi.org/10.1016/S1002-0160(14)60077-1.

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those
of the individual author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s)
disclaim responsibility for any injury to people or property resulting from any ideas, methods, instructions or
products referred to in the content.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 17 March 2025 doi:10.20944/preprints202503.1183.v1

https://doi.org/10.3389/fpls.2021.645977
https://doi.org/10.1016/S1002-0160(14)60077-1
https://doi.org/10.1016/S1002-0160(14)60077-1
https://doi.org/10.20944/preprints202503.1183.v1

	Introduction
	Materials and Methods
	Results
	Leaf Spectra
	Outlier Detection
	Model Selection
	Validation scores
	Results by Leaf Species
	Mango Leaves
	Banana Leaves
	Sugarcane Leaves
	Jasmine Leaves
	Rice Leaves


	Discussion
	Sensor Setup and Characterization
	Data Preparation and Model Selection
	Sensor Performance
	Overall Performance and Limitations

	Conclusions
	References

