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Abstract: Precision Agriculture is one of the emerging technologies that is promising to solve the
problem of food insecurity worldwide. These focus on collecting, analyzing, and taking actions
based on data available from the crop and its environment. Building low-cost and reliable plant
health-related sensors is critical and helpful in the agriculture industry. This study builds a leaf
reflectance sensor comprising a white LED source and an S1133 photodiode detector. The angle
between the source and detector varied from 30°, 45°, 60°, and 90° to determine the angle at which
it would have an optimal reflectance value. The white LED source was connected to a 3-volt and 0.3-
ampere power supply, while the 51133 photodiode detector was connected to an oscilloscope to
measure the response voltage. Different green intensities were used using an RGB color scheme that
imitates the color of the leaf that characterizes its health status. Reflectance intensities were cali-
brated using white standard reflectance. The result shows that the 45° angle between the source and
detector, gives the highest R-squared value (R? = 0.958). This study provides an overview of the
effects of varying detection angles for crop reflectance sensors that can be used to assess plant health
status and help improve crop yield in the agricultural sector.

Keywords: precision agriculture; photodiode; reflectance sensor; crop health
Citation: Bulan, J.; Cadondon, J.;
Galvez, M.C.; Vallar, E.; Shiina, T.
Development of Crop Reflectance
Sensor for Precision Agriculture. 1. Introduction
Eng. Proc. 2024, 5, x.
https://doi.org/10.3390/xxxxx

According to the World Bank Group report, global food insecurity has risen due to
changing climate patterns [1]. In addition, the recent COVID-19 pandemic, economic cri-
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mate variability and hazards are expected to substantially impact food insecurity from the
local to the regional level [4,5]. Different approaches have been implemented to this food

insecurity issue, and incorporating appropriate methodologies and technologies is very
important.
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transmittance sensors [6,7], multispectral canopy sensors [8], and passive and active spec-
tral sensors [9,10], to improve crop monitoring further. This new approach helps optimize
crop production and fertilizer application and effectively manage crop planting and har-
vesting. It incorporates various sensors to determine crop and environment parameters
effectively. Common crop parameters include leaf chlorophyll content [11], normalized
vegetation index (NDVI), crop reflectance [6], nitrogen content [8,10,11], canopy spectrum
[6,12], and other macro and micronutrients essential to crop production [13-15].

In this study, a portable, low-cost reflectance sensor for crop health monitoring was
built to assess crop health. The crop reflectance sensor comprised a white LED as the
source and a photodiode as a detector. The reflectance sensor was calibrated using a cer-
tified reflectance standard for a normalized and consistent output value. Using a con-
trolled value of RGB scheme, different green intensity values were utilized to assess the
sensitivity of the reflectance sensor. The study also investigates the angle at which the
source and detector will be oriented to have an optimal output response.

2. Materials and Methods
2.1. Materials

This study intends to build an initial design for a reflectance sensor that will assess
and monitor quantitatively the crop health, which is manifested in the color of its leaves.
The primary equipment of this study is the following: a certified reflectance standard, a
photodiode, a white LED, and sets of connecting wires. A source delivered a constant
power supply for white LED (source). The voltage and current were set to 3.3 volts and
0.3 amperes, respectively. An oscilloscope was also used to measure the average voltage
response from the photodiode (detector). Table 1 below shows the specifications of the
materials used in the study.

Table 1. List of Materials in the Study.

Materials Specification

Spectralon ®
Nominal reflectance —99%
51133-01 (Si photodiode)
Photodiode Spectral Range-
(320-1100 nm)

Certified Reflectance Standard

White LED
Connecting Wire Solid wire (20-AWG)

2.2. Variation of Green Intensity

Color features are the initial parameters being identified to assess the crop’s quality
[16,17] These physical features are characterized by the chemical and physical properties
and processes inherent to the crop. However, this method of representing the color fea-
tures of crops needs to have a standardized approach because of different lighting factors
and environmental illumination [18,19]. This study used the RGB color scheme format to
quantify the colors being tested in the laboratory. Eight varying green intensities were
used, as shown in Figure 1. In the RGB color scheme, the red, green, and blue values range
from 0 to 255 per pixel. For example, black has the value 0/0/0 while white color has the
corresponding value of 255/255/255. Only green values were being changed in this study
while keeping the red and blue values constant and set to zero.
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Figure 1. The color of different green intensities.

2.3. Experimental Set-Up

A 3D-printed semi-circular casing was built to enclose the LED and the photodiode.
Holes were drilled in the respective angles for which the source and detector can be ad-
justed to vary the detection angle. Also, the 3D-printed casing was painted black to reduce
the effect of the unnecessary noise from the environment. Figure 2 below shows the sim-
plified illustration of the experimental setup.
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)

(a) (b)

Figure 2. (a) Experimental Setup of Crop Reflectance Sensor, (b) varying detection angle.

2.4. Statistical Analysis

Different statistical analyses were performed in this study to observe the capability
of the crop reflectance sensor. Exponential regression was applied to model the relation-
ship between the normalized intensity and different detection angles. R-squared was cal-
culated to determine the goodness of fit from the regression analysis. Additionally, a box
plot was employed to visualize the behavior of the distribution of the datasets that sum-
marize key statistics like the mean, quartiles, and range, providing deeper insight into the
data’s variability.

3. Results and Discussion

The detection of green intensity of the crop is important because it is related to the
chlorophyll content. This varying green intensity was detected based on the RGB scheme
using white LED as a source and S1133 photodiode as the detector. The figure below
shows the plot result between varying green intensities (x-axis) and normalized intensity
(y-axis) in different detection angles. This study explores the capability of the S1133 pho-
todiode as a reflectance sensor for varying green intensity.
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Figure 3. Regression plots at different detection angles.
Table 2. Numerical values for each model
900 | 60° | 450 300
Model Exponential
Plot a ‘ b ‘ C d
Equation y =y, + AeRo*
Vo 0.967 + —49+ —0.649 + 0.842 +
0.0054 893.845 59.698 0.138
A —0.028 + 5.820 + 1.567 + 0.076 + 0.136
0.006 893.844 59.697
R, —0.015 2.883 x 107° 7.279 x 1075 0.002 + 0.003
+0.008 + 0.004 + 0.003
Reduce 2.5x107° 8.4 x 107° 3.2%x10°° 1.11 x 1075
Chi-Square
R-Square 0.795 0.929 0.959 0.952
(COD)
Adj.R-Square 0.727 0.905 0.945 0.937

Figure 3 above shows the different detection angles between the source and detector,
(a) 90°, (b) 60°, (c) 45°, and (d) 30°. Table 2 shows the numerical value for every that in-
cludes an exponential regression model and its corresponding R-squared value. The
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corresponding R-squared value of the different regression models for different detection
angles ranges from 0.795 to 0.958. The lowest R-squared values were obtained from the
90° detection angle and the highest R-squared values were obtained from the 45°detection
angle. This suggests that in 45° detection angle is better regarding model fit and detection
value.

The box plot in Figure 4 provides normalized intensity values on the y-axis, with four
different angles (90°, 60°, 45°, 30°) on the x-axis. The mean normalized intensity of the
detection angles is 0.96, 0.93, 0.925, and 0.94 respectively. The three detection angles
namely 90°, 60°, and 30° show that data are skewed to the left of the distribution. On the
other hand, the 45°detection angle shows normally distributed data. Based on the above
box plot, the 45° detection angle shows a better data distribution. Also, the four datasets
show non-outlier points, suggesting that the 51133 photodiode detector has a good re-
sponse and consistent behavior to the white LED source within the experiment.
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Figure 4. Box plot between detection angle and normalized intensity.

Understanding the design of which the source and detector are placed is important
in building a crop reflectance sensor to ensure optimal values of detected signals. Having
also a low-cost but reliable crop reflectance sensor is an addition to the vast and emerging
technology of precision agriculture.

4. Conclusions

A crop reflectance sensor is a valuable tool in precision agriculture that is needed to
understand basic crop health. In this study a portable crop reflectance sensor was built
using a white light LED source and a photodiode detector. Various detection angles (90°,
60°, 45°, 30°) were carried out in the experiment. Results show that 45° was the optimal
detection angle necessary to build a crop reflectance sensor to measure the different green
intensities. Calibrations are needed to the actual plant samples to further assess the health
status of the crop. Addressing the challenges of the cost of precision agriculture devices is
essential in order for the local farmers to have them. This study offers a new approach to
create such portable, reliable, and low-cost device.
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