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chlorophyll content detector on
wheat and maize leaves based
on RGB sensor
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!College of Mechanical and Electronic Engineering, Northwest A&F University, Xianyang,
Shaanxi, China, 2Xi'an Hanpule Science and Technology Co., Ltd., Xi'an, Shaanxi, China

Chlorophyll-a (CL-a) and chlorophyll-b (CL-b) are major chlorophyll found in
green plants. Determining the CL-a, CL-b, and total chlorophyll (TCL) contents is
important to guide crop growth. However, the widely used portable chlorophyll
detectors, such as SPAD-502, are limited to measuring relative chlorophyll
content and can't measure the contents of CL-a, CL-b, and TCL. It was
reported that the chlorophyll content was related to the color indices of
leaves, which inspired us to develop a portable detector that can non-
destructively measure the contents of CL-a, CL-b, and TCL based on a color
sensor. Therefore, the world's major crops, i.e., wheat and maize, are used as
samples to develop a handheld chlorophyll content detector for leaves in this
study. The detector was mainly composed of a microcontroller, RGB sensor, light
source, and power management module, etc. The software, developed in Keil
uVision5, was composed of a main function and several sub-functions, such as
the leaf color collection sub-function, data processing sub-function, key sub-
function, and display sub-function. The relationships of CL-a, CL-b, and TCL
contents with the color features of wheat and maize leaves were analyzed. The
results showed that these chlorophyll contents had high correlations with B
(blue), B’ (blue light intensity), H (hue), S (saturation), and V (value) and can be
expressed by five-variable equations. Compared with the chlorophyll contents
measured by the traditional spectrophotometry method, the root-mean-square
errors of the developed detector were 0.269 mg/g, 0.089 mg/g, and 0.350 mg/g
for CL-a, CL-b, and TCL contents, respectively. The small size, light weight, and
quick measurement (about 2 s) make the detector will be important for
instructing crop breeding, fertilization, and other management.
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1 Introduction

Chlorophyll is a crucial pigment found in plants, algae, and
cyanobacteria. The main function of chlorophyll is to absorb
sunlight and convert it into energy through photosynthesis.
Chlorophyll-a (CL-a) and chlorophyll-b (CL-b) are the two major
chlorophyll found in green plants. CL-a absorbs light in the violet-
blue and reddish-orange end of the spectrum and reflects green-
blue light, giving the plant a green color. CL-b absorbs light in the
blue and red-orange wavelengths. Low chlorophyll content means
that the plant has poor photosynthesis. Therefore, detecting the
chlorophyll content of plant leaf is routine work in agriculture
management, especially in diagnosing disease and fertilizing
(Houles et al., 2007).

Spectrophotometry is the standard method for leaf chlorophyll
content detection (Chinese Agricultural Industry Standards, 2017,
China). Although this method is highly accurate, it has several
shortcomings, such as a complex detection process, destroyed
samples, and the usage of a hazardous chemical reagent (acetone).
To enable quick, non-destructive detection of chlorophyll content
in plant leaf, chlorophyll detectors like SPAD-502 (Konica Minolta,
Japan) and the MultispeQ multi-function plant meter (PhotosynQ
Corporation, USA) were developed. These detectors, however,
cannot directly measure chlorophyll content but provide a relative
value, such as the SPAD (Soil and Plant Analyzer Development)
value. Numerous studies indicate that the relationship of SPAD
with the chlorophyll content of different plants or with the
chlorophyll content of a single plant at different growth stages is
not a constant (Bavec and Bavec, 2001; Hoel, 2003; Le Bail et al,,
2005; Schepers et al, 1992). Consequently, it is impossible to
accurately predict plant leaves' chlorophyll contents based solely
on the SPAD value.

In order to find a method for non-destructive and efficient
detection of leaf chlorophyll content, visible/near-infrared
spectroscopy (Guo et al., 2014; Xie et al., 2007), fluorescence (Das
et al,, 2023; Kalaji et al,, 2018; Netto et al., 2005), hyperspectral
imaging (Zhang et al., 2023a, Zhang et al., 2023b; Zhao et al., 2023),
remote sensing (Jay et al., 2017; Pan et al., 2023; Zhang et al., 2019)
have been used to predict chlorophyll content of plant leaves.
However, these methods generally have the defects of expensive
instruments and professional spectra analysis, resulting in these
methods not being widely used. Moreover, the measurement results
are not true chlorophyll content, such as SPAD, etc., or the
predicted chlorophyll content is at the canopy scale using remote
sensing technology. To make the chlorophyll content can be
detected quickly and non-destructively, Yang et al. (2019)
developed a portable chlorophyll detector for a few varieties of
leafy vegetables using a photoelectric sensor to sense the
transmitted light by two light-emitting diodes (LEDs). However,
it just detects TCL content. Different plants have different textures,
and the selected wavelengths for the specified plant varieties cannot
be used for others, causing poor versatility. Previous studies have
demonstrated a significant correlation between chlorophyll content
and color characteristics of plant leaves. For example, Li et al. (2012)
reported that the combination of green and blue indices exhibited a
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strong correlation with the chlorophyll content of maize leaves.
Zhou et al. (2018) found that the green index of wheat leaves had
the highest correlation with SPAD values. To facilitate non-
destructive detection of chlorophyll content in plant leaves, Li
et al. (2021) proposed a universal method to detect the
chlorophyll content of green plant leaves using different
smartphones based on obtained RGB (Red, Green, and Blue)
images, and they proposed a chlorophyll prediction model for
sugarcane leaves based on the indices of blue, green and red.
However, a portable auxiliary shoot device with a built-in active
light source to reduce the influence of environment was needed
when capturing images. These studies inspired us to develop a
handheld chlorophyll content detector based on an RGB sensor.

Wheat and maize are significant crops worldwide, but it is
unclear if a single model can adequately represent the relationship
between their chlorophyll contents and color features. Further, it is
also uncertain if it is possible to develop a detector that can
determine CL-a, CL-b, and TCL contents based on color features.
Therefore, the aims of this study are: (1) to analyze the relationship
between the CL-a, CL-b, and TCL contents with the color features
of wheat and maize leaves; (2) to develop a handheld chlorophyll
content detector using an RGB sensor; and (3) to evaluate the
performance of the developed detector.

2 Detector's development
2.1 Hardware design

Figure 1 is the block diagram of the hardware system for the
handheld chlorophyll content detector of wheat and maize leaves.
The detector comprises a microcontroller, light source, RGB sensor,
displayer, Bluetooth module, and power management module. The
microcontroller undertakes the task of managing each module. The
light source is employed to provide stable light, while the RGB
sensor collects the RGB color information of leaves and forwards
the data to the microcontroller. The displayer exhibits the detection
results. The Bluetooth module enables data transmission to a
mobile phone, and the power management module ensures power
provision for the entire detector, managing charging functions and
offering protection. Lastly, the Type-C interface facilitates serial
communication for the microcontroller, and the power charging
interface is also used.

2.1.1 Microcontroller

An STM32F103C8T#6 chip is used as the microcontroller, which
includes an embedded high-speed memory, a high-performance M3
32-bit RISC CPU running at 72 MHz, an enhanced I/O port and
peripheral devices. Its operation voltage is 2.0 V-3.6 V, the flash
memory capacity is 64 KB, the RAM capacity is 20 KB, and the
operating temperature is -40°C-85°C.

Figure 2 is the minimal peripheral circuit of STM32F103C8T6.
The high-speed external crystal vibration is a passive patch crystal
vibration of 8 MHz, which provides the main frequency of 72 MHz
after the frequency divider and phase-locking ring. The low-speed
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external crystal vibration is 32.768 kHz, mainly used to provide a
stable clock signal for the real-time communication clock of the

main control chip.

2.1.2 Light source

In order to avoid the interference of external ambient light in
obtaining color information of leaves, the internal light source is
used to illuminate the leaves. Considering the light source's
luminous color, brightness, and stability, the positive white patch
light-emitting diode (LED) of 0603 is applied. It has a color
temperature of 6000-7000 K, a luminous intensity of 500 mcd, a
maximum forward current of 20 mA, and a maximum power
consumption of 70 mA. Its forward current is almost positively
proportional to the relative light intensity. Two LEDs are used to
ensure uniform illumination. The light source and the sensor are in
a horizontal line, symmetrically distributed on both sides of
the sensor.

2.1.3 RGB sensor

Considering the performance of the RGB sensor and the cost of
the handheld chlorophyll content detector of crop leaf, TCS34725
(ams OSRAM, Vienna, Austria) is used as the RGB sensor. The
sensor includes a 3x4 photodiode array that detects the surface color
of an object through optical sensing. It outputs the light intensity of
red (R'), green (G'), blue (B'), and clear (C). The I’C protocol is used
to communicate between the sensor and the microcontroller.

2.1.4 Displayer and buttons

The displayer is a 0.96-inch organic light-emitting diode (OLED)
with a resolution of 128 pixelx64 pixel and a working voltage of 3.3 V.
The communication between the OLED and microcontroller is I*C.
There are three buttons in the detector: "Detection”, "Flip", and
"Transmission”. When the "Detection” button is pressed, the
detector starts to detect. When the "Transmission" button is
pressed, the measurement results are transmitted to the mobile
phone through Bluetooth. The "Flip" button switches display

content, that is, CL-a, CL-b, and TCL contents.

2.1.5 Type-C interface module

The Type-C interface is used as the serial communication
interface and power charging interface of the detector and
personal computer. It has 16 pins symmetrically distributed on
both sides to ensure the positive insertion of Type-C terminals. The
main pins are DP and DN communication pins and the power
supply pin of VBUS. DP and DN pins are connected to the CH340X
chip, a USB bus conversion chip, realizing the USB signal turns to
the serial port signal.

2.1.6 Bluetooth module

Bluetooth module is used to save the detection data to the
mobile phone, and the selected Bluetooth module is DX-BT04-E
(Shenzhen Daxia Longque Technology Co., LTD., Shenzhen,
China). It integrates the RTL8762 Bluetooth chip and peripheral
circuit, supporting SPP V3.0 and BLE V4.2 protocols. The chip has
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a maximum communication distance of 50 m and communicates
with the microcontroller through the asynchronous serial

communication mode.

2.1.7 Power management module

The power supply of the detector is a 1500 mAh lithium
polymer battery with 3.7 V of rated voltage and 1000 mA of rated
charging current. The TP5400 chip, which has the functions of
charge, discharge, boost conversion, and power indication, is used
to manage the power supply. VIN, the charging input of TP5400, is
connected to the TYPE-C interface to charge the battery. The boost
input BAT is connected to the battery's positive electrode, and the
output VOUT is responsible for providing the voltage of 5 V to
some components and then reducing the voltage of 5 V to 3.3 V to
power other components. The circuit of the power management
module is shown in Figure 3.

2.1.8 Prototype of the detector

The main control circuit board is 86 mmx33 mmx1.6 mm in
size. The detector shell was designed using SolidWorks software
(SolidWorks, Wilmington, USA). The shell can be divided into the
instrument body and the detection head. The handheld chlorophyll
content detector's prototype is shown in Figure 4. Its size is 162
mmx38 mmx29 mm, and its mass is 88 g. A light shielding rubber
is added to the detection parts to block external light. When
pressing the detection button, the rubber seal contacted the leaf
surface closely without damage to the leaves. The positions of the
leaf, the LEDs, and the RGB sensors during detection are shown

in Figure 5.

2.2 Software design

The detector's software, developed in Keil uVision5, consists of a
main function and several sub-functions, such as the leaf color
collection sub-function, data processing sub-function, key sub-
function, and display sub-function. The software's running process
is shown in Figure 6. After the detector is turned on, each module is
initialized, and the OLED displays the welcome interface. After 1 s,
the message about measurement is displayed until the detection head
is pressed. Then, the RGB sensor collects the color information of the
plant leaf and the data is transmitted to the microcontroller for
calculation and analysis. If the detection value is abnormal, a
detection error is displayed on the OLED screen. Otherwise, the
detection results are displayed on the screen. If the transmission
button is pressed, the detection results are sent to a mobile phone, and
the OLED indicates that the transmission is successful.

3 Materials and methods

3.1 Materials

The wheat and maize leaf samples used in this study were
obtained from different experimental fields at Northwest A&F
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The circuit of power management module.

University, China. The wheat leaves for modeling were collected
from 12 wheat cultivars at different experimental plots from May 6
to 10, 2023. There were 71 leaf samples, including 5-6 samples of
each cultivar. The maize leaves used for modeling were collected
from July 27 to August 1, 2023, and the samples were obtained from
four cultivars in different experimental fields, with 15-16 samples of

!
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FIGURE 4
The prototype of the handheld leaf chlorophyll content detector.
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each variety and a total of 61 samples. The samples used in detector
performance evaluation were evenly collected from the same
experimental fields. The wheat leaves were collected from May 15
to 18, 2023, and the maize leaves were collected from August 5 to
11, 2023. The total samples of wheat and maize were 34 and
31, respectively.

3.2 Methods

3.2.1 Collection of color features of crop leaves
After collecting the SPAD values of each plant leaf by using a
SPAD-502 chlorophyll detector (Konica Minolta, Japan), the leaf
was placed in the detection area of the detector; the detection head
was pressed to turn on the LEDs, and then the light intensities of R’,
G', B' and C, output by the RGB sensor, were collected. Based on the
obtained R’, G’, B', and C, the color indices of red (R), green (G),
and blue (B) were calculated according to Equations 1-3. Then the
color indices of H (hue), S (saturation), and V (value) were
calculated (Gonzalez and Woods, 2018). To investigate whether
other color indices were helpful to improve prediction performance,
R/B, R/G, G/R, G/B, B/R, B/G, R*G, R*B, G*B, R*G*B were
calculated based on the obtained R, G and B. A triplicate was
done for each sample, and the mean of the triplicate was used as the

result.
R="/c%255 (1)
G =9/c%255 ()
B="/.%255 A3)
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3.2.2 Measurement of the chlorophyll content
After measuring the color features with the developed detector, the
( St )

chlorophyll extraction solution was prepared using 0.02-0.04 g leaf

around the detection points according to Chinese agricultural industry
standards of NY/T 3082-2017. The main steps are listed here.

Module initialization

+ 1. An electronic balance with a precision of 0.0001 g
OLED prompt start detection (Shanghai JingkeTianmei Scientific Instrument Co., LTD,
Shanghai, China) was used to measure the mass of the leaf.
& 2. The leaf was cut into filaments about 1 mm in width and
Capture image information was placed in a 5 mL volumetric flask. 0.1 mL of pure
* acetone and 2-3 mL of 80% acetone were added to the

volumetric flask.
Data calculation and anaIYSiS 3. The soaked flask was then kept in a dark room at room
+ temperature and shaken 3-4 times one day. When the leaf

turned white two days later, 80% acetone was added to the

OLED display test results flask to 5 mL

* 4. A cuvette (10 mm in distance) was filled with the prepared

% x chlorophyll extraction solution. Then, the absorbance of

S\VltCh detecuon msult 80% acetone was used as a contrast to measure the

+ absorbances of chlorophyll extraction solution at 645 and

Bluetooth module transmits data 663 nm using an ultraviolet/visible spectrophotometer
(Lambda 365, PerkinElmer Management, Co., Ltd.,

MA, USA).

( End )
Using Arnon's updated equations (Porra et al.,, 1989), as stated in

FIGURE 6 Equation 4, to calculate the CL-a, CL-b, and TCL contents in solution.
The flow chart of software's running process.

A =KCL 4)
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where K is the scale factor; C is the chlorophyll concentration of
the solution, mol/L; L is the liquid layer thickness, cm. Detailed
information about the calculation of CL-a, CL-b, and TCL contents
using the spectrophotometry method could be found elsewhere
(Chinese Agricultural Industry Standards, 2017, China.).

3.2.3 Modeling and model evaluation methods

Our previous studies showed that the non-linear models, such
as exponential the model, polynomial model and logarithmic
models had poor prediction performance than linear models for
the CL-a, CL-b, and TCL contents with color features, and the
machine learning models, such as support vector regression,
random forest, etc, are difficult to be run on the cheap micro-
controller of STM32F103C8T6. Therefore, two widely applied
linear models, ie., partial least square regression (PLSR) and
multivariate linear regression (MLR) were utilized to regress the
relationship between the investigated CL-a, CL-b, and TCL contents
with color features in this study. The determination performance of
PLSR and MLR were reported in this study, and the performances
of regressed PLSR and MLR models were assessed by the coefficients
of determination (R*) and root-mean-squares error (RMSE).

4 Results and discussion

4.1 Statistics of chlorophyll contents of
wheat and maize leaf samples

Table 1 presents the statistics of the obtained SPAD values, and
the CL-a, CL-b, and TCL contents of 71 wheat and 61 maize leaf
samples in modelling and 34 wheat and 31 maize leaf samples in the
detector's performance validation.

It shows that the ranges of TCL contents of wheat and maize
leaves used in modeling were 1.340-4.415 mg/g and 1.342-3.161
mg/g, respectively, and were 1.052-4.859 mg/g and 1.329-3.220 mg/
g in validation. The coefficient of variation (CV) of the investigated
chlorophyll contents of the used leaves in modeling changed from

10.3389/fpls.2025.1606413

22.20% to 32.12% and from 22.07 to 39.49% in validation.
Generally, the wheat leaves had a wider change range in
chlorophyll content than maize leaves. The large CV indicates
that the samples used had good representation.

4.2 Establishment of models for predicting
leaf chlorophyll contents

The 20 color features obtained in Section 3.2.1 were applied as
inputs to regress the relationship with CL-a, CL-b, and TCL
contents using the PLSR and MLR. The modeling results are
listed in Table 2. It shows that the MLR model had higher R* and
smaller RMSE than PLSR for each chlorophyll content. Therefore,
MLR was used to predict chlorophyll content further.

The significance analysis of the built MLR models for predicting
CL-a, CL-b, and TCL contents shows that B and B’ had very
significant relationships (p< 0.01) with each chlorophyll content,
H was correlated with CL-a (p< 0.05), S and V with CL-b (p< 0.05),
and H and § with TCL (p< 0.05) significantly, shown in Table 3. The
relationships of other color features with these chlorophyll contents
weren't significant (p > 0.05). To eliminate redundant parameters,
reduce the complexity of the models, and avoid overfitting, the MLR
models for predicting CL-a (W,), CL-b (W},), and TCL content (W,)
were built using the 5 color features, that is, B, B, H, S, and V. The
models are shown in Equations 5-7. The R? of the built models for
CL-a, CL-b, and TCL contents were 0.796, 0.795, and 0.801,
respectively, and the RMSEs were 0.248 mg/g, 0.080 mg/g, and
0.320 mg/g. Although the modeling performances are a little
poorer than those of the built models using the 20 color features
(Table 2), the models are much simpler.

W, = —30.623 + 1.143 x B—0.225 x B+ 0.008 x (5)

H +85.096 x S —170.899 x V, R*=0.796

W, = —13.164 + 0.467 x B—0.052 x B’ +0.005 x (6)

H +35.536 x S—72.08 x V, R*=0.795

TABLE 1 Statistics of the chlorophyll contents of used wheat and maize leaf samples.

Modeling samples

Validation samples for
detector's performance

Plant Chlorophyll, mg/g
Max. Mean + SD CV, % Max. Mean + SD CV, %

SPAD 33.0 65.5 49.3 +7.185 1457 32,9 61.3 47.3 +7.570 16.00
Chlorophyll-a, 1.054 3442 2.140 + 0.614 28.68 0.840 3.766 1.977 + 0.710 35.92

Wheat
Chlorophyll-b, mg/g 0272 1.016 0.571 + 0.183 32.12 0212 1.093 0.523 + 0.207 39.49
Total chlorophyll, mg/g ~ 1.340 4415 2711 + 0.795 29.32 1.052 4.859 2499 +0.915 36.62
SPAD 228 54.2 37.1 + 6.605 17.82 23.4 58.8 39.8 + 7,515 18.88
Chlorophyll-a, 1.125 2,640 1.828 + 0.406 2223 1.088 2.695 1.907 + 0.439 23.03

Maize
Chlorophyll-b, mg/g 0217 0524 0370 + 0.084 22.66 0.235 0526 0.385 + 0.085 22,07
Total chlorophyll, mg/g = 1.342 3.161 2198 + 0.488 22.20 1.329 3.220 2293 +0.523 22.80

Min. is the minimum, Max. is the maximum, SD is the standard deviation, and CV is the coefficient of variation.
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TABLE 2 The prediction performance of established PLSR and MLR
models for chlorophyll contents based on 20 color features.

";‘:ﬁtﬁlgég Chlorophyll R?  RMSE, mg/g
Chlorophyll-a 0.813 0.274
PLSR Chlorophyll-b 0.789 0.085
Total chlorophyll 0.817 0.351
Chlorophyll-a 0.817 0.235
MLR Chlorophyll-b 0.813 0.076
Total chlorophyll 0.821 0.304

TABLE 3 The significance of 5 color features to the built MLR models
for predicting chlorophyll contents of wheat and maize leaves.

Chlorophyll B B’ H S 74
Chlorophyll-a <0.001 0.004 0.012 0.060 0.087
Chlorophyll-b <0.001 0.008 0.105 0.019 0.021

Total
chlorophyl <0.001 0.003 0.018 0.040 0.057

W, = —43.787 + 1.609 x B—0.276 x B' +0.013 x  (7)

H +120.632 x § —242.979 x V, R*=10.801

4.3 Evaluation of the developed detector's
repeatability and stability

The repeatability of the developed detector in obtaining color
features was evaluated by randomly selecting three wheat leaves and
three maize leaves with different chlorophyll contents. The R', G’, B/,
and C of each leaf were measured 10 times on the same point. The
mean, standard deviation, and CV of each color index for each
sample are listed in Table 4. It shows that the CV ranges from

10.3389/fpls.2025.1606413

0.000% to 2.083% with a mean of 0.516%, indicating that the
detector has good repeatability in obtaining color features.

As chlorophyll content may exhibit slight diurnal variation even
within the same leaf and pot, the stability of the developed detector
in capturing color features was evaluated using several color cards
of different hues. Measurements were conducted in a maize field on
a sunny day at 8:00, 12:00, 16:00, and 20:00. The data are listed in
Table 5. The CV of the mean R', G', B, and C values at different
times were 0.911%, 1.103%, 0.941%, and 0.771%, respectively,
indicating that the detector has good stability.

4.4 Evaluation of the developed detector’s
precision

After the software with the MLR model for predicting
chlorophyll contents was downloaded to the explored detector,
the precision of the explored detector was evaluated using the 34
wheat and 31 maize leaves in the validation set (Table 1). It is noted
that the used samples had a wide range of chlorophyll contents.
After the chlorophyll content of each leaf was measured using the
detector, the actual chlorophyll contents of each leaf were measured
according to the method given in Section 3.2.2.

Figure 7 shows the detected CL-a, CL-b, and TCL contents
using the explored detector against the measured values using
spectrophotometry. The symmetrical distribution of points
around the 45° line suggests that the detector demonstrates high
precision. The RMSEs of the explored detector were 0.269 mg/g for
CL-a, 0.089 mg/g for CL-b, and 0.350 mg/g for TCL contents of
wheat and maize leaves, respectively, and had the mean absolute
errors of 0.104 mg/g, 0.031 mg/g, and 0.087 mg/g.

In order to evaluate the predictive performance across crop
species, separate analyses were conducted for wheat and maize
leaves. The RMSE values for CL-a, CL-b, and TCL in wheat were
0.264 mg/g, 0.090 mg/g, and 0.346 mg/g, respectively, while those
for maize were 0.271 mg/g, 0.083 mg/g, and 0.347 mg/g. These
results demonstrate that the predictive performance was generally
consistent between the two crops. This similarity may lie in their
shared phylogenetic traits as Poaceae plants, which exhibit
analogous chlorophyll spectral absorption characteristics.
Additionally, their parallel leaf venation and similar epidermal

TABLE 4 Statistics of color features at 10 times measurements for randomly selected 3 wheat and 3 maize leaves.

R’ G’ B’ C
Sample number Plant
Mean+SD CV,% Mean+SD CV,% Mean+SD CV,% Mean+SD CV,%
1 279 + 0.0 0.000 27.0 £ 0.1 0.341 188 + 0.1 0.382 809 + 0.5 0.666
2 Wheat 29.0 0.0 0.000 29.0 0.0 0.000 19.2 + 0.4 2.083 85.0 + 0.0 0.000
3 25.8+0.0 0.000 23.8 0.0 0.000 18.0 0.0 0.000 740 £ 0.0 0.000
4 299 03 1.003 265+ 0.5 1.889 19.0 0.0 0.000 82.1 £0.5 0.656
5 Maize 309+ 0.3 0971 279403 1.075 209 +0.3 1435 86.3 0.6 0.742
6 30.0+0.0 0.000 26.1+03 1.149 20.0 + 0.0 0.000 78.0 0.0 0.000

SD is the standard deviation, CV is the coefficient of variation, and the unit of R’, G’, B’ and C are counts/uW/cm2.
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TABLE 5 Statistics of color features on several color cards at different time in a sunny day outside.

: Temperature Humidity
Time & o
(°C) (VA
8:00 223 55.1 69.2 + 04 0.578 39.0 + 0.0 0.000 362+ 04 1.104 155.6 + 0.5 0.321
12:00 249 53.8 71.0 + 0.0 0.000 40.0 + 0.0 0.000 37.0 + 0.0 0.000 159.0 + 0.0 0.000
16:00 29.8 447 70.0 + 0.0 0.000 39.0 + 0.0 0.000 37.0 £ 0.0 0.000 157.0 £ 0.0 0.000
20:00 227 52.4 70.0 0.0 0.000 39.0 £ 0.0 0.000 37.0 0.0 0.000 157.0 £ 0.0 0.000

SD is the standard deviation, CV is the coefficient of variation.

structures likely lead to nearly identical light scattering and  content. They established a support vector machine regression

absorption pathways within leaves. model to predict the chlorophyll content with an average RMSE
of 0.3288 mg/g, a little lower than the obtained 0.350 mg/g for
4.5 Discussion chlorophyll content here. However, the image color is affected by

many factors, such as light, camera used in different smartphones,
Lietal. (2021) used an auxiliary device to assist smartphones in ~ shooting angles, etc., restricting the application of this method.
shooting RGB images of sugarcane leaves to detect their chlorophyll ~ Moreover, the contents of CL-a and CL-b cannot be given.
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FIGURE 7
The detected contents of chlorophyll-a (A), chlorophyll-b (B), and total chlorophyll (C) using the detector versus the actual values measured using
spectrophotometry method.
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The TCL content detector developed by Yang et al. (2019) had
an absolute measurement error of -0.32-0.20 mg/g and a mean
absolute error of 0.14 mg/g for spinach, big green vegetables, and
lettuce leaves. However, only TCL can be measured. In contrast
with their works, the obtained RMSEs here are higher. The reason
might lie in several aspects. One reason is that the wheat leaf is very
narrow, which causes the obtained color features to contain the
information of leaf veins and make the color features, especially B’
(which has a significant correlation with each chlorophyll content),
to have a wide variation, lowering the precision. Another is that the
wheat and maize leaves had much higher chlorophyll content and
wider change ranges than the leafy vegetables they used. The third is
that the samples used herein validation had a wider change range in
chlorophyll content than those used in modeling, also decreasing
the precision. In addition, although the cheap RGB sensor (about 2
US dollars) decreases the detector's cost, it also reduces the
precision. Using high-performance RGB sensors would help
improve the precision determination of CL-a, CL-b, and
TCL contents.

To evaluate whether the color indices are more efficient in
determining chlorophyll content than SPAD values, the linear
relationship between SPAD values and the chlorophyll content
was analyzed. The RMSE of predicting TCL content in wheat and
maize leaves using SPAD values was 0.428 mg/g. The results
indicate that the device developed in this study exhibits better
performance in predicting chlorophyll content in wheat and maize
leaves than the SPAD-502 chlorophyll detector. The developed
detector in this study has a mass of only 88 g. It can give the test
results within 2 s without destruction to crop leaves, meeting the
requirements of real-time and non-destructive detection of
chlorophyll contents of crop leaves. However, since the current
model is specifically established for wheat and maize, further
research is required to evaluate its applicability to other
crop species.

5 Conclusions

Based on the significant correlation between chlorophyll
contents and leaf color features, a detector was designed to non-
destructively detect the CL-a, CL-b, and TCL contents of wheat and
maize leaves. The detector mainly comprises a microcontroller,
light source, RGB sensor, power supply, Bluetooth transmission,
and other modules. The relationship between chlorophyll contents
and color features of wheat and maize leaves can be expressed by
linear equations in five variables, in which B and B’ had very
significant relationships and H, S, and V had significant
relationships with each chlorophyll content. The RMSEs of the
detector were 0.269 mg/g for CL-a, 0.089 mg/g for CL-b, and 0.350
mg/g for TCL contents of wheat and maize leaves. The detection
results could be given within 2 s without destruction to leaves. This
study provides a protocol for non-destructive, real-time, low-cost,
and rapid detection of chlorophyll contents in wheat and maize
leaves. The feasibility of this method in detecting chlorophyll
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contents of other plants and the precision improvement method
will be studied in the future.

Data availability statement

The original contributions presented in the study are included
in the article/supplementary material. Further inquiries can be
directed to the corresponding authors.

Author contributions

WP: Data curation, Conceptualization, Writing — original draft,
Investigation, Methodology, Writing - review & editing. HM:
Methodology, Writing - review & editing. RW: Writing — review
& editing, Investigation, Data curation. HW: Writing - review &
editing, Software. DW: Writing - review & editing, Funding
acquisition, Investigation. WG: Writing - review & editing,
Project administration, Funding acquisition, Supervision,
Resources. XG: Resources, Project administration, Writing -
review & editing, Data curation.

Funding

The author(s) declare that financial support was received for the
research and/or publication of this article. This study is supported
by the Chinese Academy of Sciences, Shaanxi Province Key R&D
Program Project (2024NC-YBXM-200) and Xi'an R&D Program
Project (24NYGGO0037).

Conflict of interest

Author XG was employed by the company Xi'an Hanpule
Science and Technology Co., Ltd.

The remaining authors declare that the research was conducted
in the absence of any commercial or financial relationships that
could be construed as a potential conflict of interest.

Generative Al statement

The author(s) declare that no Generative Al was used in the
creation of this manuscript.

Publisher’'s note

All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated organizations,
or those of the publisher, the editors and the reviewers. Any product
that may be evaluated in this article, or claim that may be made by its
manufacturer, is not guaranteed or endorsed by the publisher.

frontiersin.org


https://doi.org/10.3389/fpls.2025.1606413
https://www.frontiersin.org/journals/plant-science
https://www.frontiersin.org
http:0.32-0.20

Pan et al.

References

Baveg, F., and Bavec, M. (2001). Chlorophyll meter readings of winter wheat cultivars
and grain yield prediction. Commun. Soil Sci. Plant Anal. 32, 2709-2719. doi: 10.1081/
CSS-120000956

Chinese Agricultural Industry Standards (2017). Determination of chlorophyll
content in fruits, vegetab les and derived products-Spectrophotometry method, NY/T
3082-2017. Beijing: Ministry of Agriculture of the People’s Republic of China.

Das, P., Pegu, R, Bhattacharya, S. S., and Nath, P. (2023). Fluorescence-based
accurate estimation of chlorophyll in tea leaves using smartphone. IEEE Sensors J. 23,
14864-14871. doi: 10.1109/jsen.2023.3275879

Gonzalez, R. C., and Woods, R. E. (2018). Digital image processing (New York:
Pearson).

Guo, Z., Zhao, C., Huang, W., Wang, Y., and Guo, J. (2014). Nondestructive
quantification of foliar chlorophyll in an apple orchard by visible/near-infrared
reflectance spectroscopy and partial least squares. Spectrosc. Lett. 47, 481-487.
doi: 10.1080/00387010.2013.816748

Hoel, B. O. (2003). Chlorophyll meter readings in winter wheat: Cultivar differences
and prediction of grain protein content. Acta Agriculturae Scandinavica Section B-Soil
Plant Sci. 52, 147-157. doi: 10.1080/090647103100004843

Houles, V., Guerif, M., and Mary, B. (2007). Elaboration of a nitrogen nutrition
indicator for winter wheat based on leaf area index and chlorophyll content for making
nitrogen recommendations. Eur. J. Agron. 27, 1-11. doi: 10.1016/j.ja.2006.10.001

Jay, S., Maupas, F., Bendoula, R., and Gorretta, N. (2017). Retrieving LA, chlorophyll
and nitrogen contents in sugar beet crops from multi-angular optical remote sensing:
Comparison of vegetation indices and PROSAIL inversion for field phenotyping. Field
Crops Res. 210, 33-46. doi: 10.1016/j.fcr.2017.05.005

Kalaji, H. M., Baba, W., Gediga, K., Goltsev, V., Samborska, I. A., Cetner, M. D,, et al.
(2018). Chlorophyll fluorescence as a tool for nutrient status identification in rapeseed
plants. Photosynthesis Res. 136, 329-343. doi: 10.1007/s11120-017-0467-7

Le Bail, M., Jeuffroy, M. H., Bouchard, C., and Barbottin, A. (2005). Is it possible to
forecast the grain quality and yield of different varieties of winter wheat from Minolta
SPAD meter measurements? Eur. J. Agron. 23, 379-391. doi: 10.1016/j.€ja.2005.02.003

Li, X,, Lu, X,, Xi, J., Zhang, Y., and Zhang, M. (2021). Univeisal method to detect the
chlorophyll content in plant leaves with RGB images captured by smart phone. Trans.
Chin. Soc. Agric. Eng. 37, 145-151. doi: 10.11975/.issn.1002-6819.2021.22.016

Li, C., Wang, G., Jiang, M., Sun, Q., Zhang, C., and Lin, F. (2012). Classification of
maize leaf color based on image process and the relationship with photosynthetic traits.
J. Shenyang Agric. Univ. 43, 411-417.

Frontiers in Plant Science

11

10.3389/fpls.2025.1606413

Netto, A. T., Campostrini, E., de Oliveira, J. G., and Bressan-Smith, R. E. (2005).
Photosynthetic pigments, nitrogen, chlorophyll a fluorescence and SPAD-502 readings
in coffee leaves. Scientia Hortic. 104, 199-209. doi: 10.1016/j.scienta.2004.08.013

Pan, Y., Wu, W, Zhang, J., Zhao, Y., Zhang, J., Gu, Y., et al. (2023). Estimating leaf
nitrogen and chlorophyll content in wheat by correcting canopy structure effect
through multi-angular remote sensing. Comput. Electron. Agric. 208, 107769.
doi: 10.1016/j.compag.2023.107769

Porra, R. J., Thompson, W. A, and Kriedemann, P. E. (1989). Determination of
accurate extinction coefficients and simultaneous equations for assaying chlorophylls a
and b extracted with four different solvents: verification of the concentration of
chlorophyll standards by atomic absorption spectroscopy. Biochim. Biophys. Acta
(BBA) - Bioenergetics 975, 384-394. doi: 10.1016/S0005-2728(89)80347-0

Schepers, J. S., Francis, D. D., Vigil, M., and Below, F. E. (1992). Comparison of corn
leaf nitrogen concentration and chlorophyll meter readings. Commun. Soil Sci. Plant
Anal. 23, 2173-2187. doi: 10.1080/00103629209368733

Xie, L., Ying, Y., and Ying, T. (2007). Quantification of chlorophyll content and
classification of nontransgenic and transgenic tomato leaves using visible/near-infrared
diffuse reflectance spectroscopy. J. Agric. Food Chem. 55, 4645-4650. doi: 10.1021/
f063664m

Yang, B., Du, R, Yang, Y., Zhu, D., Guo, W., and Zhu, X. (2019). Design of porta ble
nondestructive detector for chlorophyll content of plant leaves. Trans. Chin. Soc. Agric.
Machinery 50, 180-186. doi: 10.6041/j.issn.1000-1298.2019.12.020

Zhang, Y., Chang, Q., Chen, Y., Liu, Y., Jiang, D., and Zhang, Z. (2023b).
Hyperspectral estimation of chlorophyll content in apple tree leaf based on feature
band selection and the catboost model. Agronomy-Basel 13, 2075. doi: 10.3390/
agronomy13082075

Zhang, M., Su, W., Fu, Y., Zhu, D., Xue, J.-H., Huang, J., et al. (2019). Super-
resolution enhancement of Sentinel-2 image for retrieving LAI and chlorophyll content
of summer corn. Eur. J. Agron. 111, 125938. doi: 10.1016/j.ja.2019.125938

Zhang, D., Zhang, J., Peng, B., Wu, T, Jiao, Z., Lu, Y., et al. (2023a). Hyperspectral
model based on genetic algorithm and SA-1IDCNN for predicting Chinese cabbage
chlorophyll content. Scientia Hortic. 321, 112334. doi: 10.1016/j.scienta.2023.112334

Zhao, R., An, L., Tang, W., Qiao, L., Wang, N, Li, M., et al. (2023). Improving
chlorophyll content detection to suit maize dynamic growth effects by deep features of
hyperspectral data. Field Crops Res. 297, 108929. doi: 10.1016/.fcr.2023.108929

Zhou, L., Yuan, Y., Song, Y., and Wang, B. (2018). Research on estimation of wheat
chlorophyll using image processing technology. J. Hebei Agric. Univ. 41, 105-109.
doi: 10.13320/j.cnki.jauh.2018.0041

frontiersin.org


https://doi.org/10.1081/CSS-120000956
https://doi.org/10.1081/CSS-120000956
https://doi.org/10.1109/jsen.2023.3275879
https://doi.org/10.1080/00387010.2013.816748
https://doi.org/10.1080/090647103100004843
https://doi.org/10.1016/j.eja.2006.10.001
https://doi.org/10.1016/j.fcr.2017.05.005
https://doi.org/10.1007/s11120-017-0467-7
https://doi.org/10.1016/j.eja.2005.02.003
https://doi.org/10.11975/j.issn.1002-6819.2021.22.016
https://doi.org/10.1016/j.scienta.2004.08.013
https://doi.org/10.1016/j.compag.2023.107769
https://doi.org/10.1016/S0005-2728(89)80347-0
https://doi.org/10.1080/00103629209368733
https://doi.org/10.1021/jf063664m
https://doi.org/10.1021/jf063664m
https://doi.org/10.6041/j.issn.1000-1298.2019.12.020
https://doi.org/10.3390/agronomy13082075
https://doi.org/10.3390/agronomy13082075
https://doi.org/10.1016/j.eja.2019.125938
https://doi.org/10.1016/j.scienta.2023.112334
https://doi.org/10.1016/j.fcr.2023.108929
https://doi.org/10.13320/j.cnki.jauh.2018.0041
https://doi.org/10.3389/fpls.2025.1606413
https://www.frontiersin.org/journals/plant-science
https://www.frontiersin.org

	Development of a handheld chlorophyll content detector on wheat and maize leaves based on RGB sensor
	1 Introduction
	2 Detector's development
	2.1 Hardware design
	2.1.1 Microcontroller
	2.1.2 Light source
	2.1.3 RGB sensor
	2.1.4 Displayer and buttons
	2.1.5 Type-C interface module
	2.1.6 Bluetooth module
	2.1.7 Power management module
	2.1.8 Prototype of the detector

	2.2 Software design

	3 Materials and methods
	3.1 Materials
	3.2 Methods
	3.2.1 Collection of color features of crop leaves
	3.2.2 Measurement of the chlorophyll content
	3.2.3 Modeling and model evaluation methods


	4 Results and discussion
	4.1 Statistics of chlorophyll contents of wheat and maize leaf samples
	4.2 Establishment of models for predicting leaf chlorophyll contents
	4.3 Evaluation of the developed detector's repeatability and stability
	4.4 Evaluation of the developed detector's precision
	4.5 Discussion

	5 Conclusions
	Data availability statement
	Author contributions
	Funding
	Conflict of interest
	Generative AI statement
	Publisher’s note
	References


