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Abstract

The aim of this study is to enhance the detection accuracy of rice chlorophyll content
under complex backgrounds, optimize rice production management models, and improve
the efficiency and quality of grain production. To achieve this, a spectral device for rice
chlorophyll content detection with integrated background classification capability was
developed. The device employed a MobileNetV4-Conv-Small-based model for rice back-
ground classification, enabling the categorization of clear, muddy, and green algae-covered
backgrounds. The classification results showed that the model performed best under the
green algae-covered background, with all performance metrics exceeding 97%. The muddy
background followed, with metrics surpassing 94%, while the clear background proved
more challenging, though the metrics still exceeded 93%. By combining preprocessing
techniques with convolutional neural networks (CNNs), distinct rice chlorophyll content
detection models were developed for each background type. For clear backgrounds, the
optimal model was FD + CNN, with R2, RMSE, and RPD values of 0.975, 5.191, and 6.318,
respectively. For muddy backgrounds, the optimal model was SS + CNN, with R2, RMSE,
and RPD values of 0.627, 18.249, and 1.638, respectively. For green algae-covered back-
grounds, the SS + CNN model also achieved the best results, with R2, RMSE, and RPD
values of 0.719, 16.417, and 1.885, respectively. Field experiments confirmed that the device
achieved a rice background classification accuracy of 94.67% and a relative error compliance
rate of 84.00% for chlorophyll content detection. These results demonstrate the feasibility of
integrating background classification and chlorophyll content detection for rice cultivation.

Keywords: rice; chlorophyll content; spectral detection; background classification;
detection device

1. Introduction
Rice (Oryza sativa L.) is a strategic staple crop worldwide, serving as the primary food

source for more than half of the global population and playing a critical role in food security
and socio-economic development [1]. Chlorophyll, as the key pigment in photosynthesis, is
also an essential indicator of crop nutritional status and physiological condition. Variations
in chlorophyll content are closely associated with yield formation and stress tolerance [2].
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Consequently, the rapid, accurate, and nondestructive detection of chlorophyll content
remains an urgent requirement for precision cultivation and yield enhancement.

Traditional chemical methods for chlorophyll detection offer high accuracy but are
limited by complex procedures, high cost, time consumption, and destructiveness to plant
samples, rendering them unsuitable for large-scale field applications [3]. In recent years,
advances in spectroscopic, remote sensing, and sensor technologies have driven rapid
progress in nondestructive chlorophyll detection, leading to the commercialization of
various portable chlorophyll meters.

Representative products are summarized in Table 1. These devices have contributed
substantially to crop growth monitoring and precision agricultural management; however,
most are based on point-to-point measurements, resulting in low detection efficiency and
limited spatial coverage [4]. In response to the practical demands of domestic agricultural
production, Chinese researchers have, in recent years, actively developed low-cost, high-
performance portable chlorophyll detection devices, achieving notable progress in both
technological innovation and product development.

Table 1. Representative portable chlorophyll meter.

Type Manufacturer Ref.

Konica Minolta SPAD-502 Plus Japan [5]
Opti-Sciences CCM-200 plus America [6]
PhotosynQ MultispeQ V2.0 America [7]

atLEAF CHL PLUS America [8]
Hansatech CL-01 Britain [9]

Pessl Instruments Dualex Austria [10]
ZKWH TYS-4N China [11]

JC-YLS01 China [12]
LD-YB China [13]
YLS-A China [14]

Yaxin-1162 China [15]

The research team at China Agricultural University has made remarkable contribu-
tions to the development of chlorophyll detection technologies. Zhang et al. proposed a
chlorophyll content detection model based on PLSR and designed a contact-type device
for measuring chlorophyll in maize and wheat [16]. Building on this approach, Li et al.
integrated a PLSR model with the Raspberry Pi 4B platform to establish a portable device,
providing an effective tool for rapid field measurements of maize chlorophyll content [17].
Further advancements were achieved by Wang et al., who incorporated multispectral
imaging technology to construct an intelligent field-based system capable of automated
maize plant recognition and chlorophyll index measurement [18].

In addition, several studies focused on microcontroller-based solutions. Zhang et al.
developed an online chlorophyll detection system using the Arduino UNO platform, en-
abling dynamic monitoring of maize chlorophyll content [19]. Tang et al. extended this
line of research by employing the Arduino Mega 2560 to create a portable device equipped
with light-environment correction for vegetation index calculation and chlorophyll
estimation [20]. Sun et al. introduced a detection device based on the STM32F103 micro-
controller and an active light source, which was successfully applied to maize chlorophyll
measurement [21].

Beyond China Agricultural University, other universities and research institutes have
also made noteworthy contributions in this field. At Jiangsu University, Chen developed
a reflection-type chlorophyll detection device based on an active light source, enabling
measurements in spinach, bok choy, and romaine lettuce [22]. At the Henan Academy
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of Agricultural Sciences, Yang employed a sealed optical path design with three light
sources and vertically incident beams to establish a chlorophyll detection system based on
optical diffuse reflection, which was successfully applied to wheat, maize, and flowers [23].
At Northwest A&F University, Yang introduced a portable chlorophyll detection device
suitable for spinach, brassica, and romaine lettuce [24]. At Jilin University, Liu and Li
jointly developed a portable chlorophyll diagnostic device, which demonstrated favorable
performance in detecting chlorophyll content in maize, holly, and soybean [25].

The rapid development of portable, non-destructive chlorophyll detection technology
has provided a variety of technological solutions for monitoring the nutritional status of
field crops and has facilitated the implementation of precision agricultural management
models. However, the existing technological system still faces several challenges in prac-
tical applications. Firstly, from the perspective of detection mode, mainstream devices
generally adopt point-to-point contact detection, requiring multiple repetitions for a single
measurement point. This not only restricts the rapid large-area scanning of crop canopies
but also leads to low detection efficiency, making it inadequate for large-scale paddy field
operations. Secondly, from the perspective of target crops, current technological research
and applications primarily focus on dryland crops such as corn and wheat, with a no-
table lack of detection tools specifically designed for aquatic crops like rice, resulting in
significant gaps in the coverage of crop varieties and application scenarios.

Compared to dryland crops, the complexity of the rice growth environment poses
greater challenges to the stability and adaptability of detection technology. Various factors
of interference, including fluctuations in water turbidity, algae coverage on the water
surface, and the reflection of suspended soil particles, significantly reduce the signal-to-
noise ratio of spectral detection, resulting in increased errors in chlorophyll detection using
traditional equipment. The existing technological system fails to provide effective methods
for identifying the complex background in rice fields and has not yet established targeted
detection models that adapt to varying environmental conditions, hindering the ability
of current technologies to meet the real-time and precise monitoring requirements for
chlorophyll content in precision rice cultivation.

Therefore, developing a rice-specific non-destructive chlorophyll detection technology
that integrates background adaptability and efficient detection performance has become
a critical necessity to overcome the limitations of existing technologies and support intel-
ligent paddy field management. Building on this need and the foundations of our prior
research [26,27], this study proposes an integrated device that combines image recognition
and spectral analysis to achieve both background classification and chlorophyll content
detection. This study broadens the application of portable non-destructive detection tech-
nology to rice and provides new technical support for precision management and efficient
cultivation within the framework of smart agriculture.

2. Materials and Methods
2.1. Hardware System

The rice chlorophyll detection device comprises a C11708MA micro spectrometer
(640–1050 nm, Hamamatsu, Japan), micro camera, Raspberry Pi 4B processor, spectrometer
driver board, touch screen, fill light, battery, and aluminum waterproof housing. The key
specifications are summarized in Table 2. By simultaneously acquiring background images
and spectral data of rice, the device enables both background classification and chlorophyll
content detection, thereby providing technical support for rice precision management and
the advancement of smart agriculture.
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Table 2. Main parameters of rice chlorophyll content detection device.

Parameters Value

Overall size (length × width × height) 275.0 mm × 154.0 mm × 72.0 mm
Spectral resolution ≤20 nm

Spectral wavelength range 640–1050 nm
Spectral wavelength repeatability −0.5–0.5 nm

Image resolution 2592 × 1944
Number of image pixels 500W pixels

Power supply requirements 5V 3A
Working temperature 35.0–50.0 ◦C

During operation, reference and dark-field spectra are first collected. Subsequently,
images and spectral data of the rice canopy are collected. The Raspberry Pi processor then
processes the spectral data and performs background classification and chlorophyll content
detection based on the predefined model. Finally, the detection results are output to a
touchscreen, computer, or mobile device, providing users with real-time feedback. The
logical structure and interaction flow of the functional modules are illustrated in Figure 1.

Figure 1. Working principle and hardware system.

2.2. Software System

To enable automated and integrated analysis of rice background classification and
chlorophyll content detection, a software system was developed based on Python 3.8 and
PyQt5. The system provides multiple functions, including the collection and storage of
rice background images, collection and storage of spectral data, computation and visu-
alization of the background classification model, and computation and visualization of
the chlorophyll detection model. The detailed software design workflow is illustrated
in Figure 2.
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Figure 2. Software design flowchart.

In addition, to enable real-time monitoring and recording on both mobile and computer
terminals, VNC Connect remote monitoring software was configured on the Raspberry Pi.
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This configuration allows users to remotely access and monitor the system via the Internet,
thereby enhancing its flexibility and practicality.

2.3. Experimental Design

The experiment was conducted at the Wulie Modern Agricultural Industrial Park
in Dongtai City, Jiangsu Province, China, from July to August 2024 (120.232495◦ E,
32.891592◦ N). The experimental materials were uniformly growing and healthy Nan-
jing 9108 rice plants, cultivated in a rectangular plot measuring 25 m × 100 m (Figure 3a).
To facilitate data collection and field partitioning, marker flags were placed at 5 m intervals
along both horizontal and vertical boundaries (Figure 3b). A circular sampling area with a
radius of 1 m was established at each intersection of the horizontal and vertical markers
(Figure 3d). Within each sampling area, background images, spectral data, and chlorophyll
content measurements were simultaneously collected (Figure 3c).

 

Figure 3. Experimental design. (a) Selection of experimental area; (b) Setting of sampling interval;
(c) Testing of data collection; (d) Division of data collection area.

2.4. Data Acquisition and Processing
2.4.1. Spectral Data

Prior to data collection, the device was preheated for 30 min, and the collection
parameters were set [26]. After preheating and parameter adjustment, reference spectra
and dark-field spectra were collected using a standard whiteboard and a dark chamber,
respectively. Subsequently, rice canopy spectra were sequentially collected from each
designated sampling area. For each area, five datasets were collected, with each dataset
representing the average of three consecutive measurements. A total of 1000 spectral
datasets were collected for each of the three backgrounds.

According to Equation (1), rice, reference, and dark-field spectral data were calibrated
and converted to obtain the rice spectral reflectance. To remove irrelevant variations such as
baseline drift, multiplicative effects, and peak shifts, twelve commonly used preprocessing
methods—including the first derivative (FD), second derivative (SD), detrend correction
(DC), and continuous wavelet transform (CWT). Scatter correction techniques encompass
multiplicative scatter correction (MSC) and standard normal variate (SNV). Noise reduc-
tion techniques are represented by moving average smoothing (MAS) and Savitzky–Golay
convolution smoothing (SGCS). Scaling techniques—involving mean centering (MC), stan-
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dardization scaling (SS), max–min scaling (MMS), and vector normalization (VN)—were
applied to the rice spectral reflectance data under three background conditions [27].

Rre f =
Rraw − Rdc

Rwhite − Rdc
, (1)

where Rref denotes the rice spectral reflectance, Rraw represents the raw rice spectrum, Rwhite

is the reference spectrum, and Rdc corresponds to the dark-field spectrum.

2.4.2. Background Image Data

During the collection of rice spectral data, background images and water quality pa-
rameters were simultaneously collected for each sampling area, with five datasets collected
per area. Based on turbidity, background images were classified into three categories: clear,
muddy, and green algae-covered. Water bodies with turbidity below 10 NTU were defined
as clear backgrounds, those above 10 NTU as muddy backgrounds, and water bodies with
green algae coverage exceeding 80% were defined as green algae-covered backgrounds.
For each background type, 1000 images were collected, and the images from all three
background types were randomly partitioned into training, validation, and test sets in an
8:1:1 ratio (Figure 4a).

 
Figure 4. Data division. (a) Background image data; (b) Spectral and chlorophyll content data.

2.4.3. Chlorophyll Content Data

After collecting spectral data and background images for each sampling area, the
SPAD-502 Plus chlorophyll meter (Konica-Minolta, Tokyo, Japan) was used to measure the
SPAD values of rice leaves at the corresponding positions. Each position was measured five
times, with the maximum and minimum values discarded, and the mean of the remaining
three measurements calculated as the final value. The corresponding rice chlorophyll
content was subsequently derived according to Equation (2) [28].

LCCrice = 1.034 + 0.308 × [SPADrice] + 0.110 × [SPADrice]
2, (2)

where LCCrice is the rice leaf chlorophyll content (mg·m−2), and SPADrice is the relative
content of the rice chlorophyll obtained from SPAD-502Plus, i.e., the SPAD value.

Based on turbidity levels and sampling areas, the spectral and chlorophyll content data
corresponding to clear, muddy, and green algae-covered backgrounds were co-registered
and randomly partitioned into training and test sets at a 7:3 ratio (Figure 4b).

2.5. Establishment and Evaluation of Rice Background Classification Model
2.5.1. Model Structure

MobileNet is an efficient deep learning architecture particularly suitable for deploy-
ment on resource-constrained platforms. By employing depthwise separable convolutions
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and optimization strategies, it substantially reduces computational and storage demands
while maintaining high predictive accuracy [29,30].

With the improvement of computational capabilities on mobile platforms, the Mo-
bileNet family has continued to evolve. The latest version, MobileNetV4, introduces
the universal inverted bottleneck (UIB), which integrates extra depthwise convolution
(ExtraDW), inverted bottleneck (IB), convolutional neural network new architecture (Con-
vNext), and feedforward neural networks (FFNs) (Figure 5). These innovations not only
enhance the representational capacity of the model but also enable MobileNetV4 to address
a broader range of visual tasks with improved efficiency and accuracy [31].

Figure 5. UIB structure diagram.

The MobileNetV4 series includes convolutional models of different scales, such as
MobileNetV4-Conv-Large, MobileNetV4-Conv-Medium, and MobileNetV4-Conv-Small.
For efficient deployment on the Raspberry Pi processor, MobileNetV4-Conv-Small was
adopted in this study to construct the rice background classification model. Its detailed
architecture is presented in Table 3. See the details of the model parameters in Table S1 of
the Supplementary Materials.

Table 3. Model architecture of MobileNetV4-Conv-Small.

Input Block DW K1 DW K2 Extended Dim Output Dim Stride

2242 × 3 Conv2D – 3 × 3 – 32 3
1122 × 32 FusedIB – 3 × 3 32 32 2
562 × 32 FusedIB – 3 × 3 96 64 2
282 × 64 ExtraDW 5 × 5 5 × 5 192 96 2
142 × 96 IB – 3 × 3 192 96 1
142 × 96 IB – 3 × 3 192 96 1
142 × 96 IB – 3 × 3 192 96 1
142 × 96 IB – 3 × 3 192 96 1
142 × 96 ConvNext 3 × 3 – 384 96 1
142 × 96 ExtraDW 3 × 3 3 × 3 576 128 2
72 × 128 ExtraDW 5 × 5 5 × 5 512 128 1
72 × 128 IB – 5 × 5 512 128 1
72 × 128 IB – 5 × 5 384 128 1
72 × 128 IB – 3 × 3 512 128 1
72 × 128 IB – 3 × 3 512 128 1
72 × 128 Conv2D – 1 × 1 – 960 1
72 × 960 AvgPool – 7 × 7 – 960 1
12 × 960 Conv2D – 1 × 1 – 1280 1
12 × 128 Conv2D – 1 × 1 – 1000 1
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2.5.2. Loss Function

The soft-label cross-entropy loss function extends the standard cross-entropy loss
by using a probability distribution as the target label instead of a single binary value
(0 or 1). This approach increases model flexibility, enabling it to capture class ambiguities
and smooth the training process, which is particularly advantageous for enhancing model
performance and generalization in complex tasks [32]. Accordingly, the soft-label cross-
entropy loss function employed in this study is defined as follows:

Lso f t = −
C

∑
i=1

pi log(qi), (3)

where Lsoft denotes the soft-label cross-entropy loss; C represents the number of rice back-

ground classes (C = 3 in this study); pi is the soft label for class i, pi ∈ [0, 1] and
C
∑

i=1
pi = 1,

indicating that the soft label forms a probability distribution, in which soft labels were
generated using the Mixup data augmentation method in this study; qi is the predicted
probability of class i output by the model.

2.5.3. Evaluation Index

To evaluate the performance of the rice background classification model based on
MobileNetV4-Conv-Small in classifying clear, muddy, and green algae-covered back-
grounds, accuracy, precision, recall, and F1-score were employed as evaluation metrics [33],
which are defined as follows:

Accuracy =
TP + TN

TP + FP + TN + FN
, (4)

Precision =
TP

TP + FP
, (5)

Recall =
TP

TP + FN
, (6)

F1-Score =
2 × Recall × Prceision

Recall + Prceision
, (7)

where TP and TN denote positive and negative samples with accurate classifications,
respectively; FP and FN denote negative and positive samples with incorrect
classifications, respectively.

2.6. Establishment and Evaluation of Rice Chlorophyll Content Detection Model
2.6.1. Model Structure

Compared to traditional detection methods, Convolutional Neural Network (CNN)
models have demonstrated superior performance in the task of rice chlorophyll content
detection, making them an indispensable core tool in the field of spectral data analysis
and modeling [34]. Based on this, this study combines previous research [26,27,34,35] and
takes into account the data collection characteristics of the C11708MA spectrometer and
the actual field data collection conditions. Ultimately, the CNN model was selected for
predicting rice chlorophyll content.

The CNN comprises three convolutional layers (Conv1, Conv2, and Conv3), a flatten
layer, and a fully connected (FC) layer. To enhance model nonlinearity and training stability,
the leaky rectified linear unit (LeakyReLU) [36] and batch normalization (BN) [37] were
applied to each convolutional and FC layer, while the Dropout technique was incorporated
into the Conv2 and FC layers to prevent overfitting (Figure 6). For detailed model parameter
settings, please refer to Supplementary Materials Table S2.
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Figure 6. Rice chlorophyll content detection flowchart.

2.6.2. Evaluation Index

To evaluate the performance of different preprocessing methods and the CNN model
in detecting rice chlorophyll content under clear, muddy, and green algae-covered back-
grounds, this study employed the coefficient of determination (R2), root mean square error
(RMSE), and residual predictive deviation (RPD) as evaluation metrics to assess the model’s
effectiveness in chlorophyll content detection. The evaluation indices were calculated
as follows:

R2 = 1 −

n
∑

i=1
(yi − ŷi)

2

n
∑

i=1
(yi − yi)

2
, (8)

RMSE =

√√√√√ n
∑

i=1
(yi − ŷi)

2

n
, (9)

RPD =
1√

1 − R2
, (10)

where n is the sample size, yi is the actual chlorophyll content of sample i, ŷi is the predicted
chlorophyll content of sample i, and ȳi is the average of the actual chlorophyll contents of
all samples.

2.7. Field Experiment

Beyond the designated experimental regions, 30 random data collection sites were
selected, to evaluate the performance of the device in background classification and chloro-
phyll content detection. Five test points were examined within each site, and the corre-
sponding measurement results were recorded. Simultaneously, water quality parameters
and chlorophyll content data for each point were collected as reference standards (Figure 7).
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Figure 7. Field experiment.

Background classification performance was quantified by classification accuracy, de-
fined as follows:

Rcorrect =
cbg

ntotal
× 100% RPD =

1√
1 − R2

, (11)

where Rcorrect denotes the accuracy of rice background classification; cbg is the number of
correctly classified backgrounds; and ntotal is the total number of samples tested.

The performance of chlorophyll content detection was evaluated using the relative
error, with values below 10% considered acceptable and those above 10% considered
unacceptable. The calculation formula is given as follows:

Erelative =
|lccest − lccact|

lccact
× 100% (12)

where Erelative denotes the relative error of rice chlorophyll content; lccest is the measured
chlorophyll content; and lccact is the actual chlorophyll content.

3. Results and Analysis
3.1. Integral Structure

The integral structure of the rice chlorophyll content detection device, which is based
on background classification, is illustrated in Figure 8.

Figure 8. Device overall structure.
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3.2. Software Interface

The software interface of the rice chlorophyll content detection device based on back-
ground classification is shown in Figure 9.

 

Figure 9. Software interface. (a) Classification test of the clear background; (b) Chlorophyll content de-
tection under the clear background; (c) Classification test of the muddy background; (d) Chlorophyll
content detection under the muddy background; (e) Classification test of the green algae-covered
background; (f) Chlorophyll content detection under the green algae-covered background.

The software allows configuration of rice spectral data collection parameters, col-
lection of spectral and background image data, classification of background images, de-
tection of chlorophyll content, and storage of experimental data and results. This sys-
tem enhances the efficiency of rice field management and provides decision-support for
agricultural production.

3.3. Statistical Analysis of Data
3.3.1. Spectral Data

Figure 10 presents the spectral characteristic curves of rice under clear, muddy, and
green algae-covered backgrounds, encompassing both the original and averaged spectral
signal intensity, as well as the averaged spectral reflectance curves of rice leaves. Given
the substantial spatial heterogeneity and temporal variability in the field environment, the
spectral signal intensity and reflectance values across the three backgrounds exhibit notable
differences. Nevertheless, these curves reflect the fundamental spectral characteristics of
green plants to a certain degree, thereby rendering them suitable for assessing chlorophyll
content in rice.
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Figure 10. Original and average spectral signal intensity, as well as average spectral reflectance curves
of rice leaves, under three backgrounds. (a) Original and average signal intensity curves under the
clear background; (b) Original and average signal intensity curves under the muddy background;
(c) Original and average signal intensity curves under the green algae-covered background;
(d) Average reflectance curves under three backgrounds.

3.3.2. Background Image Data

Significant differences exist between the three background images captured by the
miniature camera (Figure 11), facilitating the reduction in background classification com-
plexity and enhancing classification performance. To optimize background classification
efficiency and minimize computational resource consumption, the miniature camera chosen
for this study is characterized by a lower resolution and pixel count, leading to slightly
blurred background images. However, given the distinct and easily distinguishable features
of the three backgrounds, this blur has a negligible effect on the background classification
results and can be temporarily disregarded.

Figure 11. Background image data.
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3.3.3. Chlorophyll Content Data

Utilizing statistical principles, a comprehensive analysis was performed on the rice
chlorophyll content data under clear, muddy, and green algae-covered backgrounds, with
corresponding statistical figure (Figure 12) and tables (Table 4) generated.

 
Figure 12. Statistical analysis of leaf chlorophyll content data under three backgrounds.

Table 4. Statistical analysis of leaf chlorophyll content data under three backgrounds.

Statistical
Parameter

Clear
Background

Muddy
Background

Green Algae-Covered
Background

Number of data 1000 1000 1000
Upper quartile 165.99 156.86 168.58

Median 145.76 142.59 146.33
Lower quartile 120.61 114.87 121.78

Mean 142.92 135.56 145.87
Coefficient of

variation 0.23 0.22 0.22

In contrast to the relatively stable glass tank environment, the field environment
demonstrates substantial spatial heterogeneity and temporal variability. Within the field
environment, the rice chlorophyll content is relatively low, exhibiting a large coefficient
of variation; however, the overall data dispersion remains minimal, thus satisfying the
fundamental data quality requirements for chlorophyll content detection.

3.4. Evaluation Results and Analysis of Rice Background Classification Model

The training and validation results for the rice background classification model based
on MobileNetV4-Conv-Small are presented in Figure 13. Due to the complexity of the field
environment and the low resolution of the miniature camera, the acquired rice background
images may include noise and outliers, causing a temporary increase in the loss value
during the initial stages of training. However, as training progresses, the model’s loss value
progressively decreases and stabilizes. When the number of iterations reaches 600, the loss
values of both the training and validation sets drop below 0.5, and the accuracy exceeds
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90%. This indicates that the model performs well during the training process and gradually
reaches a convergent state.

 
Figure 13. Accuracy and loss value curves.

Additionally, the rice background classification test results are presented in Figure 14
and Table 5. Owing to the distinct and distinguishable characteristics among the clear,
muddy, and green algae-covered backgrounds, the classification test results are relatively
satisfactory. Specifically, the classification performance for the green algae-covered back-
ground is the most outstanding, with accuracy, precision, recall, and F1 score all exceeding
97%. The classification performance for the muddy background ranks second, with all
evaluation metrics exceeding 94%. In contrast, classification of the clear background is
more challenging, with test results slightly lower than those of the other two backgrounds;
however, its accuracy, precision, recall, and F1 score all exceed 93%.

 

Figure 14. Confusion matrix.

Table 5. Test results of rice background classification.

Background Accuracy/% Precision/% Recall/% F1 Score/%

Clear 97.33 98.94 93.00 95.88
Muddy 97.33 94.29 99.00 96.59

Green algae-covered 97.33 99.01 100.00 99.50

Based on the aforementioned classification results, MobileNetV4-Conv-Small not
only provides the advantages of low computational resource consumption and ease of
deployment on mobile devices, but also exhibits strong performance in the rice background
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classification task. The model meets the requirements for rice background classification in
field environments, demonstrating practical value and promising application potential.

3.5. Evaluation Results and Analysis of Rice Chlorophyll Content Detection Model
3.5.1. Clear Background

Under the clear background, the FD + CNN model performed the best (Table 6 and
Figure 15a), with R2, RMSE, and RPD values of 0.990, 3.187, and 10.231 for the training
set, and 0.975, 5.191, and 6.318 for the test set, respectively. In the clear background
condition, background interference was minimal, and the acquired spectral data exhibited
higher quality.

Table 6. Detection results of rice leaf chlorophyll content under the clear background.

Model
Training Set Test Set

RMSE R2 RPD RMSE R2 RPD

FD + CNN 0.990 3.187 10.231 0.975 5.191 6.318
DC + CNN 0.983 4.269 7.637 0.970 5.710 5.743
MC + CNN 0.979 4.705 6.930 0.967 5.993 5.473
SD + CNN 0.990 3.269 9.972 0.964 6.183 5.304

SNV + CNN 0.978 4.826 6.756 0.964 6.228 5.265
VN + CNN 0.979 4.720 6.907 0.961 6.440 5.093

MMS + CNN 0.984 4.091 7.970 0.961 6.440 5.092
MSC + CNN 0.966 6.011 5.425 0.957 6.830 4.802
CWT + CNN 0.974 5.278 6.177 0.955 6.948 4.720

SS + CNN 0.982 4.424 7.370 0.948 7.477 4.386
MAS + CNN 0.830 13.452 2.424 0.792 14.955 2.193
SGCS + CNN 0.831 13.420 2.430 0.791 14.992 2.188

Figure 15. Scatter plot of chlorophyll content detection results using the optimal model under three
backgrounds. (a) Clear background; (b) Muddy background; (c) Green algae-covered background.

Additionally, FD preprocessing effectively mitigates spectral baseline drift and back-
ground noise, while amplifying subtle differences in chlorophyll absorption features in
the red band and reflection features in the near-infrared band. This significantly enhances
the correlation between spectral signals and chlorophyll content, providing a solid data
foundation for the CNN model to achieve high-precision inversion. As a result, the
FD + CNN model achieves optimal performance in chlorophyll detection for rice under a
clear background.

According to relevant studies, the spectral bands of the selected miniature spectrome-
ter predominantly cover the red (620–750 nm) and near-infrared (750–1000 nm) regions,
which closely align with the optimal spectral bands under the clear background—orange
(590–620 nm) and near-infrared (750–1000 nm). Furthermore, the R + NIR method yielded
superior model evaluation results under the clear background [35]. This finding fur-
ther corroborates the significance of the red and near-infrared bands in rice chlorophyll
content detection.
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3.5.2. Muddy Background

Under the muddy background, the SS + CNN model performed the best (Table 7 and
Figure 15b), with R2, RMSE, and RPD values of 0.854, 11.613, and 2.614 for the training set,
and 0.627, 18.249, and 1.638 for the test set, respectively.

Table 7. Detection results of rice leaf chlorophyll content under the muddy background.

Model
Training Set Test Set

RMSE R2 RPD RMSE R2 RPD

SS + CNN 0.854 11.613 2.614 0.627 18.249 1.638
MMS + CNN 0.770 14.543 2.087 0.569 19.618 1.524

FD + CNN 0.836 12.286 2.471 0.544 20.190 1.481
SD + CNN 0.833 12.400 2.448 0.492 21.298 1.404
MC + CNN 0.534 20.730 1.464 0.436 22.446 1.332

CWT + CNN 0.553 20.296 1.496 0.419 22.786 1.312
SGCS + CNN 0.482 21.847 1.389 0.409 22.982 1.301

DC + CNN 0.566 19.988 1.519 0.388 23.388 1.278
MAS + CNN 0.443 22.663 1.339 0.384 23.458 1.274
VN + CNN 0.393 23.641 1.284 0.344 24.216 1.234

SNV + CNN 0.417 23.173 1.310 0.342 24.250 1.233
MSC + CNN 0.241 26.440 1.148 0.269 25.556 1.170

SS preprocessing normalizes spectral data of varying magnitudes and fluctuations to
a unified scale, reducing amplitude differences caused by background interference while
preserving the shape of the spectral curves. This enables the CNN model to focus on
extracting morphological features related to chlorophyll, thereby meeting the detection
requirements for a muddy background. However, compared to the clear background,
the muddy background exhibits more significant background interference, resulting in
lower-quality spectral data and poorer performance in rice chlorophyll content detection.

Relevant studies indicate that the R + NIR method yields inferior model evaluation
results under the muddy background. The optimal spectral color characteristics bands
under the muddy background include violet (400–450 nm), cyan (475–495 nm), yellow
(570–590 nm), red (620–750 nm), and near-infrared (750–1000 nm) [35]. These bands differ
markedly from the red (620–750 nm) and near-infrared (750–1000 nm) bands of the spec-
trometer. Consequently, compared to the rice chlorophyll content detection performance
under the clear background, the model’s accuracy and robustness are reduced under the
turbid background.

3.5.3. Green Algae-Covered Background

Under the green algae-covered background, the SS + CNN model performed the best
(Table 8 and Figure 15c), with R2, RMSE, and RPD values of 0.952, 7.267, and 4.543 for the
training set, and 0.719, 16.417, and 1.885 for the test set, respectively.

Similarly, SS preprocessing can mitigate the interference caused by algae coverage,
standardize the data distribution, and assist the CNN model in distinguishing the chloro-
phyll features of rice and algae, thereby meeting the detection requirements under an
algae-covered background.

Relative to the clear background, the green algae-covered background exhibits in-
creased background interference, leading to reduced performance in rice chlorophyll
content detection. However, compared to the muddy background, the green algae-covered
background exhibits lower interference, resulting in enhanced chlorophyll content detection
performance relative to the muddy background.
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Table 8. Detection results of rice leaf chlorophyll content under the green algae-covered background.

Model
Training Set Test Set

RMSE R2 RPD RMSE R2 RPD

SS + CNN 0.952 7.267 4.543 0.719 16.417 1.885
SD + CNN 0.939 8.127 4.062 0.696 17.061 1.814

MMS + CNN 0.896 10.633 3.105 0.653 18.222 1.698
VN + CNN 0.748 16.566 1.993 0.601 19.534 1.584
FD + CNN 0.875 11.666 2.830 0.547 20.827 1.486
MC + CNN 0.589 21.154 1.560 0.499 21.905 1.413
SNV + CNN 0.515 22.986 1.436 0.448 22.995 1.346
DC + CNN 0.574 21.537 1.533 0.430 23.353 1.325

CWT + CNN 0.485 23.698 1.393 0.393 24.116 1.283
MSC + CNN 0.407 25.423 1.298 0.374 24.485 1.264
SGCS + CNN 0.439 24.732 1.335 0.357 24.814 1.247
MAS + CNN 0.233 28.917 1.142 0.220 27.332 1.132

According to relevant studies, the R + NIR method yields better model evaluation
results under the clear background compared to both the green algae-covered and muddy
backgrounds, with the model performance under the green algae-covered background
surpassing that under the muddy background. Under the green algae-covered back-
ground, the optimal spectral color characteristics bands include blue (450–475 nm), cyan
(475–495 nm), green (495–570 nm), and near-infrared (750–1000 nm) [35]. These bands
differ markedly from the red (620–750 nm) and near-infrared (750–1000 nm) bands of the
spectrometer. Consequently, in comparison to rice chlorophyll content detection under the
clear background, the model’s accuracy and robustness are reduced under the green algae-
covered background.

3.6. Field Experiment Results and Analysis
3.6.1. Rice Background Classification Experiment

The results of the rice background classification field test are shown in Table 9 (see de-
tails in Table S3 in the Supplementary Materials). Under the clear background, the rice back-
ground classification accuracy is 86.44%, while both the muddy and green algae-covered
backgrounds achieve a classification accuracy of 100.00%. Overall, the rice background
classification model attained a classification accuracy of 94.67% in the field test, which
satisfactorily meets the background classification requirements.

Table 9. Field experiment results of rice background classification.

Item Sample Size Number of Correct
Classifications Correct Rate/%

Clear 59 51 86.44%
Muddy 48 48 100.00%

Green algae-covered 43 43 100.00%
Overall results 150 142 94.67%

However, it is worth noting that the model’s classification performance under the
clear background is significantly lower than under the muddy and green algae-covered
backgrounds. This discrepancy may be closely associated with the spatial heterogeneity
and temporal dynamics of the field environment. In the field environment, the soil sur-
face often contains impurities such as weeds and stubble, while the water is relatively
clear and transparent. This could lead to the turbidity meter indicating a clear back-
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ground, even though the actual rice background may be muddy, thereby compromising
classification accuracy.

Furthermore, the muddy background (with turbidity exceeding 10 NTU) and the
green algae-covered background (with algae coverage exceeding 80%) exhibit relatively
broad classification ranges and greater adaptability to environmental changes. In contrast,
the classification range for the clear background (with turbidity below 10 NTU) is more
stringent and exhibits greater sensitivity to field environmental variations, which may be
the main reason for its lower classification accuracy. Future studies may consider further
refining background classification and optimizing the classification performance for the
clear background to enhance the overall accuracy and robustness of the model.

3.6.2. Rice Chlorophyll Content Detection Experiment

The results of the rice chlorophyll content detection field test are shown in Table 10 (see
details in Table S4 in the Supplementary Materials). Under the clear background, the rice
chlorophyll content detection performance is superior, followed by the green algae-covered
background, with the poorest performance observed under the muddy background.

Table 10. Field experiment results of rice chlorophyll content detection.

Item Sample
Size

Number of
Relative Error

<5%

Number of 5%
≤Relative Error

≤10%

Number of
Relative Error

>10%

Clear 59 52
(88.14%)

4
(6.78%)

3
(5.08%)

Muddy 48 21
(43.75%)

13
(27.08%)

14
(29.17%)

Green algae-covered 43 20
(46.51%)

16
(37.21%)

7
(16.28%)

Overall results 150 93
(62.00%)

33
(22.00%)

24
(16.00%)

Specifically, 59 samples were tested under the clear background, yielding a detection
compliance rate of 94.92%. Of these, 52 samples exhibited a relative error of less than 5%,
accounting for 88.14%; 4 samples exhibited a relative error between 5% and 10%, accounting
for 6.78%; and 3 samples had a relative error greater than 10%, accounting for 5.08%.

Under the muddy background, 48 samples were tested, resulting in a detection com-
pliance rate of 70.83%. Of these, 21 samples exhibited a relative error of less than 5%,
accounting for 43.75%; 13 samples exhibited a relative error between 5% and 10%, ac-
counting for 27.08%; and 14 samples had a relative error greater than 10%, accounting
for 29.17%.

Under the green algae-covered background, 43 samples were tested, resulting in a
detection compliance rate of 83.72%. Of these, 20 samples exhibited a relative error of less
than 5%, accounting for 46.51%; 16 samples exhibited a relative error between 5% and 10%,
accounting for 37.21%; and 7 samples had a relative error greater than 10%, accounting
for 16.28%.

Overall, 150 samples were tested across the three backgrounds. Among them,
93 samples had a relative error of less than 5%, accounting for 62.00%; 33 samples had a
relative error between 5% and 10%, accounting for 22.00%; and 24 samples had a relative
error greater than 10%, accounting for 16.00%. The rice chlorophyll content detection
results met the requirements for 126 samples, while 24 samples did not meet the require-
ments, resulting in a compliance rate of 84.00%. This indicates that the method and device
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proposed in this study have preliminarily achieved rice chlorophyll content detection and
show potential for practical application.

4. Discussion
4.1. Advantages and Challenges of Rice Background Classification Model

Background classification is essential for rice chlorophyll content detection, and its
accuracy directly influences the subsequent chlorophyll content detection process. In this
study, a rice background classification model based on MobileNetV4-Conv-Small was devel-
oped, yielding favorable field test results with an overall classification accuracy of 94.67%.
Specifically, the classification accuracy for the clear background was 86.44%, whereas both
the muddy and green algae-covered backgrounds achieved a classification accuracy of
100.00%. These results demonstrate that MobileNetV4-Conv-Small not only offers advan-
tages in terms of low computational resource consumption and ease of deployment on
mobile devices but also performs well in background classification tasks.

However, under the clear background, factors such as spatial heterogeneity, temporal
dynamics of the field environment, and the low resolution of the data collection device
resulted in a background classification accuracy of only 86.44%. These results suggest that
while MobileNetV4-Conv-Small can adapt to background variations to some extent, there
remains potential for improving its accuracy and robustness in complex field environments.

Therefore, future research could consider optimizing the image acquisition device,
improving the model architecture, and integrating multimodal data. Improving camera
resolution, optimizing image preprocessing techniques, and incorporating data augmenta-
tion methods could enhance both image quality and the model’s generalization capabilities.
Additionally, integrating data from water quality sensors, meteorological sensors, and
other sources to develop a unified model could further improve the model’s adaptability to
complex environments. Furthermore, establishing a dynamic model update mechanism
and implementing online learning algorithms would allow the model to adapt to real-time
changes in background conditions, thereby enhancing the stability and accuracy of back-
ground classification. With these improvements, the background classification model is
expected to offer more reliable technical support for precision rice farming.

4.2. Advantages and Limitations of Rice Chlorophyll Content Detection Model

First, the data collection and experimental testing for the chlorophyll content detection
model were conducted based on the spectral data acquisition parameters [35], resulting
in high-quality spectral data that provided a solid foundation for model development.
Second, the chlorophyll content detection model was developed based on background
classification, demonstrating strong adaptability for chlorophyll content detection under
clear, muddy, and green algae-covered backgrounds. Finally, this study employed the
CNN method, which has been validated in multiple studies [27,34,35], to develop the rice
chlorophyll content detection model, integrating it with appropriate data preprocessing
techniques to ensure accuracy and robustness across various background conditions.

Notably, the clear background exhibits minimal interference, resulting in higher-
quality spectral data and improved rice chlorophyll content detection performance. In
contrast, the muddy and green algae-covered backgrounds are characterized by higher
interference and lower-quality spectral data, which adversely impacts the accuracy of
chlorophyll content detection.

Furthermore, the spectral range of the spectrometer employed in this study
(640–1050 nm) is better suited for rice chlorophyll content detection under clear back-
grounds; however, its performance is suboptimal under muddy and green algae-covered
backgrounds. To mitigate this limitation, future research could explore the use of spec-
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trometers with a broader spectral range or the customization of spectrometers with specific
bands tailored to different backgrounds, thereby enhancing the detection of rice chlorophyll
content under muddy and green algae-covered conditions.

4.3. Feasibility of System Integration and Its Prospects for Practical Application

The detection system developed in this study integrates two core functions: rice
background classification and chlorophyll content detection. The system uses a Raspberry
Pi as the main control module and relies on the collaborative interaction of multiple sensors
to achieve efficient collection and integrated analysis of spectral data and background
image data. It offers remarkable advantages of low cost and high portability, laying a solid
technological foundation for the large-scale promotion and application of this technology
in agricultural production scenarios.

Although the system has shown good detection performance in small-scale field trials,
it continues to face significant challenges in the large-scale deployment of agricultural
production. From a hardware perspective, the micro camera has limited resolution and is
easily affected by field environmental noise. Additionally, the spectral range adaptability
of the spectrometer still needs further improvement. Regarding real-time performance, the
system’s computational speed currently cannot meet the rapid monitoring needs of large-
scale rice fields, and in complex field scenarios, the model inference efficiency is insufficient
to support large-scale field operations. Moreover, the inherent spatial heterogeneity and
temporal dynamic changes in the field environment have had a significant negative impact
on both the system’s detection accuracy and background classification accuracy.

To address the above challenges, future research can focus on system optimization
in the following three aspects: first, improving hardware components by selecting high-
resolution cameras and custom multi-band adaptable spectrometers to enhance the sys-
tem’s ability to adapt to complex field backgrounds; second, optimizing the algorithmic
framework by introducing lightweight network architectures and multi-modal data fusion
technologies to improve the real-time response rate and generalization performance of the
model, while enhancing inference efficiency in complex scenarios; third, establishing a
dynamic update mechanism and embedding online learning algorithms to adapt to the
dynamic evolution of field backgrounds and enhance the system’s self-adaptive ability to
spatial heterogeneity and temporal variations.

Furthermore, with the continued iteration of related technologies, the system has the
potential to be extended to other aquatic crops and different growth stages of rice. In the
future, leveraging transfer learning and multi-source data fusion technologies will enable
rapid adaptation to various crops and growth stages, further expanding the application
boundaries of the technology and providing more efficient and accurate technical solutions
for the precise cultivation management of multiple crops throughout their entire growth
stages under smart agriculture models.

5. Conclusions
This study, by integrating image recognition and spectral analysis techniques, de-

veloped a device that combines rice background classification and chlorophyll content
detection functionalities. The key research findings are summarized as follows: (1) A
rice background classification model was developed based on MobileNetV4-Conv-Small,
achieving classification of clear, muddy, and green algae-covered backgrounds. The results
indicate that for the clear background, the classification accuracy, precision, recall, and F1
score are 97.33%, 98.94%, 93.00%, and 95.88%, respectively; for the muddy background,
they are 97.33%, 94.29%, 99.00%, and 96.59%; and for the green algae-covered background,
they are 97.33%, 99.01%, 100.00%, and 99.50%. The green algae-covered background yields
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the best classification performance, with all evaluation metrics surpassing 97%. The muddy
background follows, with all metrics exceeding 94%. Although the clear background
presents the greatest classification challenge, all metrics still exceed 93%. (2) Rice chloro-
phyll content detection models were developed for clear, muddy, and green algae-covered
backgrounds by integrating preprocessing with CNN methods. For the clear background,
the optimal detection model was FD + CNN, with R2, RMSE, and RPD values of 0.990,
3.187, and 10.231 in the training set, and 0.975, 5.191, and 6.318 in the test set, respectively.
For the muddy background, the optimal detection model was SS + CNN, with R2, RMSE,
and RPD values of 0.854, 11.613, and 2.614 in the training set, and 0.627, 18.249, and
1.638 in the test set, respectively. For the green algae-covered background, the optimal
detection model was SS + CNN, with R2, RMSE, and RPD values of 0.952, 7.267, and 4.543
in the training set, and 0.719, 16.417, and 1.885 in the test set, respectively. (3) The field
test results indicate that the device achieved a rice background classification accuracy of
94.67% and a chlorophyll content relative error compliance rate of 84.00%, thus preliminar-
ily accomplishing both rice background classification and chlorophyll content detection.
Specifically, the classification accuracy for the clear background was 86.44%, with a chloro-
phyll content relative error compliance rate of 94.92%; for the muddy background, the
classification accuracy was 100.00%, with a chlorophyll content relative error compliance
rate of 70.83%; and for the green algae-covered background, the classification accuracy was
also 100.00%, with a chlorophyll content relative error compliance rate of 83.72%.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/agronomy16020192/s1, Table S1: Parameter setting of rice back-
ground classification model; Table S2: Parameter setting of rice chlorophyll content detection model;
Table S3: Field experiment specific results of rice background classification; Table S4: Field experiment
specific results of rice chlorophyll content detection.
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