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Fe R

Effective integrated pest management (IPM) in crop production depends on precise
information about the quantity and species of insect pests in the crop cultivation
environment. In our prior work, we developed AloT imaging devices employing a deep
learning approach tailored for the automated counting and classification of insect pests
through acquired images from sticky paper traps. Notwithstanding the previous progress
achieved, challenges persist in mitigating issues such as interference from dust and
water, variations in lighting conditions, and blurred images, ultimately resulting in the
misclassification and miscounting of insect pests. To ensure the effectiveness of
integrated pest management, securing accurate data on the types and quantities of insect
pests present within the field is crucial. Thus, the objective of this research aims to
develop a holistic framework for enhancement of insect pest detection, classification,
and data analysis. This involves adopting the YOLOv7 model for object detection
models specifically applied to images obtained from sticky paper traps, as a replacement
for the prior approach employing the YOLOv3-tiny model. The results demonstrated
that the proposed method achieved an average mAP exceeding 0.95, and employing
ResNet-18 for insect pest classification, achieving an overall F1-score of 0.988.
Additionally, subsequent method involves insect pest count modification using
spatiotemporal analysis for a series of sticky paper trap images. A dynamic two-
dimensional array was created to log the location and times at which insect pests were
detected on the sticky paper trap images. Employing a voting algorithm can ascertain
the definitive count of insect pests for each time interval, thereby minimizing the

potential for miscounts, achieved a MAPE error of only about 5% compared to ground

iii
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truth. The analysis results indicate that the proposed framework effectively enhances the

insect pest recognition performance and the overall data quality.

Keywords: integrated pest management, image curation, object detection, insect pest

classification, spatiotemporal analysis
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CHAPTER 1

Introduction

1.1 Background of the study

With the rapid growth of the world’s population, the need for food and economic
crops has increased dramatically. Ensuring the quality and production of agricultural
crops is crucial. Insect pests are a major cause of lower crop quality and productivity.
According to the Food and Agriculture Organization (FAO) of the United Nations,
insect pests inflict at least $70 billion in global economic losses each year. Effective
insect pest control can reduce crop productivity losses while simultaneously increasing
earnings (Oerke, 2006). The idea of Integrated Pest Management (IPM) has been
implemented around the world to address the risks caused by insect pests (Barzman et
al., 2015; Kogan, 1998). IPM entails monitoring insect pest occurrences and executing
appropriate management techniques (Lewis et al., 1997). Unlike traditional insect pest
control strategies, which rely heavily on chemicals, IPM focuses on environmentally
benign management practices. IPM can efficiently reduce insect damage to crops while
also increasing production and quality. This technique combines diverse insect pest
control strategies, such as biological control, cultural practices, mechanical approaches,
and the selective use of chemical controls, to manage insect pest populations at
acceptable levels while minimizing environmental effect (Potamitis et al., 2017).
Farmers who practice IPM can reduce their reliance on chemical pesticides, which can
impact non-target animals, human health, and the environment. These solutions not only

maintain ecological balance, but also produce more sustainable and resilient farming
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enterprises (Lamichhane et al., 2016). As a result, integrated pest control contributes to
the long-term viability of agricultural ecosystems by increasing biodiversity, lowering

chemical residues in the environment, and ensuring crop output.

Climate change affects insect pest distribution patterns (Skendzi¢ et al., 2021).
Traditional insect pest detection systems rely on manual inspections, which are
inefficient and do not provide the necessary responsiveness to tackle rapid insect pest
outbreaks. In recent years, with the rapid advancement of the Internet of Things (1oT),
embedded systems, machine learning, and deep learning, insect pest management has
switched from manual to automated and intelligent methods (Parsons et al., 2019).
Many studies on automated insect pest management use sticky paper traps,
environmental sensors, and surveillance cameras into embedded systems (Abd El-
Ghany et al., 2020). These systems leverage insect pest image recognition models and
loT technologies to deliver real-time monitoring findings to farm managers, eliminating
the need for human labor and allowing for early interventions to mitigate possible

economic losses caused by insect pests (Khan et al., 2019).

In addition to providing farm managers with real-time environmental and image
information, data quality, image quality, and image recognition accuracy are also
critical elements influencing management decisions (Xin & Wang, 2021). System faults
during operation can result in insufficient data collection, and consumers cannot receive
reliable data analysis unless high-quality data is available (Gao et al., 2020).
Furthermore, several unpredictable elements in the field, such as lighting conditions,
dust, or impediments during image collection, contribute to a reduction in image quality.
If high-quality images are not captured, the effectiveness of future insect pest

recognition model training will suffer, resulting in managers receiving inaccurate insect
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pest information. This insufficiency could lead to managerial judgments that don't

completely align with the current needs.

1.2 Objectives

Our laboratory previously developed the Intelligent and Integrated Disease and
Pest Management (I1’PDM) system, which is based on Internet of Things technology
(Rustia, 2022). The I1°PDM system uses wireless imaging devices to take images of
sticky traps using cameras, and then uses deep learning models to count the quantity of
pests. Although this system has demonstrated significant application value in pest
control, our practical experience with its operation has revealed that environmental and
biological diversity issues such as rainy weather, dust, overexposure, or insufficient
lighting can have an impact on image quality and, as a result, reduce recognition model
accuracy. Variations within the same pest species, such as color, morphology, or size,
can all have an impact on the model’s accuracy. As a result, further optimizing the deep
learning model to improve accuracy is an important challenge that must be address.
Without precise information, managers cannot make decisions that are in line with
current environmental needs, such as the proper amount of pesticide to employ or the

timing of natural enemy releases, which could result in losses.

The fundamental goal of this research is to improve the model performance and
enhance overall data quality. To achieve these goals, we suggest optimization
techniques in three key components: image curation, model training, and data analysis.
This study describes a system that uses machine learning and image enhancement

approaches to increase the quality of existing pest image identification data. Improving
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data quality through statistical analysis and machine learning, and utilizing artificial
intelligence (Al) to handle image quality and enhancement challenges. This means that
the recognition model may be applied to all image data, not only high-quality images,
which improves overall model training results. In terms of pest number statistics, this
study develops a spatiotemporal analysis algorithm to handle missing data and increase
accuracy, giving farm managers analysis results that are close to the ground reality. The

particular objectives for achieving this goal are as follows:

- To design a framework for unsupervised image curation methods and integrate into
existing systems

- To improve model performance through data augmentation technique and size
feature extraction

- To modify the statistical results of the insect pests through voting mechanism and

spatiotemporal algorithm to correct inaccurate data and fill in missing data
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CHAPTER 2

Literature Review

2.1 Image-based insect pest recognition techniques

In recent years, thanks to the parallel computing architecture of graphics
processing units (GPUs), deep learning technology has become widely accessible.
Combining machine vision and image recognition technologies, it has been successfully
applied in image-related research fields, yielding numerous achievements (Voulodimos
et al., 2018). Various image recognition techniques have also been applied to insect pest
classification. This section reviews insect pest recognition technologies in three stages:
traditional image processing methods, machine learning methods and deep learning

methods.

2.1.1 Traditional image processing methods

Image processing is a type of signal processing that involves manipulating,
analyzing, and interpreting images. It uses mathematical and computational techniques
to improve image quality, extract image features, and interpret image data (Miranda et
al., 2014). Several research have used image processing techniques to identify pests,
highlighting their strengths and limitations. Deng et al. (2020) employed image
segmentation to investigate three important maize diseases: corn blight, corn head blight,
and maize rust. They caught illness characteristics in multiple color models by altering

weight combinations, hence enhancing image segmentation efficiency and accuracy.

5
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This approach not only improved disease detection but also allowed for predictive
research. Huddar et al. (2012) used typical image processing techniques to detect and
discriminate whiteflies in greenhouses. They employed image segmentation to identify
areas of interest (ROI) in different types of leaves, then converted the RGB color space
to YCbCr to reduce computing complexity. After removing noise, their average
accuracy in counting whiteflies was 0.96. Espinoza et al. (2016) created a pest
recognition model using color features. They created RGB histograms and converted
them to the Lab color space for image segmentation. They then converted the images to
HSV color space for image enhancement and feature extraction. Using a feedforward
neural network (FNN) for feature categorization, the trained model achieved recognition

accuracies of approximately 0.96 for whiteflies and 0.92 for thrips.

According to the aforementioned research, existing image processing algorithms
for pest recognition are limited since they can extract only shallow image features.
These limits become especially apparent when dealing with the classification of several
pest species or pests with minor physical distinctions. Traditional methods frequently
fail in such situations, highlighting the necessity for more advanced feature extraction

techniques.

To solve these issues, more advanced feature extraction approaches, such as
machine learning and deep learning, are required. These sophisticated approaches can
capture a greater variety of traits, resulting in better recognition and classification of

pest species.
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2.1.2 Machine learning techniques

Unlike traditional image processing methods, machine learning frequently requires
specialized knowledge and the development of various feature extraction techniques to
allow the model to learn from data, hence increasing recognition accuracy. The choice
of attributes, such as colour, shape, or texture, can have a significant impact on machine
learning model performance. Several studies have demonstrated that machine learning
is helpful for pest recognition, however these methods are not without limitations.
Silveira and Monteiro (2009) developed a machine learning method for recognizing the
small gray butterfly’s eyespot patterns based on roundness and symmetry characteristics.
This program also successfully identified patterns from many butterfly species. Wang et
al. (2012) used an artificial neural network (ANN), various morphological features, and
a support vector machine (SVM) to create a system with an accuracy of roughly 0.93.
This technique was used to identify pests of several insect orders, such as Coleoptera,

Hemiptera, Hymenoptera, Lepidoptera, Odonata, Neuroptera, and Orthoptera.

Kaya and Kayci (2014) proposed an approach based on color and texture features.
They used the gray-level co-occurrence matrix (GLCM) and a feature-weighted K-
means classifier to reach an accuracy of approximately 0.96 in identifying and
monitoring Lepidoptera species. Li and Xiong (2018) created a mobile robot with a
camera that used the Gaussian Mixture Model (GMM), bootstrap aggregating, and
distance-regularized level set evolution (DRLSE) to reach a 0.95 accuracy in
distinguishing Pyralidae species in fields. Liu et al. (2019) proposed a two-step
recognition approach. They employed Otsu’s binarization to segment color thresholds

for Pyralidae species evaluation, followed by Hu moment-based form recognition and
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object contour detection. This model had an accuracy of 0.94 in recognizing Pyralidae

species.

In addition to machine learning models with a single classifier, there exist methods
for combining several classification models. Dey et al. (2016) employed the gray-level
co-occurrence matrix and the gray-level run-length matrix to extract statistical features.
They then used a support vector machine classifier with histogram characteristics to

distinguish between pest-damaged and healthy leaf, and achieved an accuracy of 0.96.

According to the studies mentioned above, machine learning algorithms
outperform classical image processing methods in terms of pest recognition. However,
they still have some limits. Machine learning model training requires massive datasets
and a significant time investment. Training a robust model is difficult when there is
insufficient data. Furthermore, developing good feature extraction algorithms and
understanding the underlying mathematics and statistical principles need significant
talent, making the process dependent on specialized knowledge. Furthermore, feature
engineering, or the manual design and selection of features, can be time-consuming and
may fail to capture all of the information needed for complex tasks. These limits
highlight the need for more advanced methods, like as deep learning, that can
automatically extract features and manage larger datasets more rapidly, enhancing pest

detection systems’ accuracy and dependability.
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2.1.3 Deep learning techniques

Deep learning, as compared to machine learning, can extract features and provide
output results automatically (LeCun et al., 2015). Convolutional Neural Networks
(CNN) have demonstrated extraordinary performance in computer vision, with
applications including image identification, object detection, and image segmentation
(Deng & Yu, 2014). The most famous early CNN, LeNet, was launched in 1998 to
recognize handwritten numbers (LeCun et al., 1998). At the time, many academics
concentrated on creating CNN structures and optimizing models. However, LeNet
performed well on small datasets but poorly on large datasets, falling behind machine
learning algorithms. Consequently, for over a decade after LeNet’s introduction,
training on large datasets primarily relied on machine learning methods until the advent

of AlexNet in 2012, which marked a significant change (Krizhevsky et al., 2012).

AlexNet had the lowest Top-5 error rate on the large-scale ImageNet dataset that
year. In comparison to LeNet, AlexNet had a deeper model and benefited from
advances in Graphics Processing Units (GPUs). Since then, CNNs have been
intensively studied, with many architectures proposed. VGGNet (Simonyan &
Zisserman, 2014) deepened the model; Network In Network (Lin et al., 2013) improved
accuracy with less parameters; and GooglLeNet (Szegedy et al., 2015) used auxiliary
classifiers to address the vanishing gradient problem in deep neural networks.
MobileNet (Howard et al., 2017) prioritized efficiency, reducing model size and
computation speed without significantly losing performance. EffieienNet (Tan & Le,
2019) successfully scaled network depth, breadth, and input image size with compound

coefficients.
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The development of CNNs has not only optimized internal architectures but also
experimented with combining different models to achieve deeper layers and faster
convergence rates. ResNet combined VGGNet’s increased layer count with
GoogLeNet’s enhanced computational efficiency within each convolutional layer,
introducing residual learning to effectively address the degradation problem in deep
networks (He et al., 2016). The trained model’s error rate was lower than that of
humans, heralding a new era for Deep Neural Networks (DNN). DenseNet differed
from traditional neural networks by retaining feature reuse, preserving features from
every preceding layer, making the network structure denser and mitigating the

vanishing gradient problem (Huang et al., 2017).

Thenmozhi and Reddy (2019) created a classification model that identifies diverse
Lepidoptera, Coleoptera, and Orthoptera pests using six convolution layers, five max
pooling layers, and fully linked layers. They used image augmentation techniques like
rotation, translation, and scaling to avoid overfitting. The experimental findings showed
that this classification model attained an accuracy range of 0.95 to 0.97 across three

publically available pest image datasets.

The deeper and more complex the convolutional neural network model, the better
the training outcome, provided there are no issues with vanishing gradients or
overfitting. Similarly, the datasets used to train CNN models are critical; larger, more
thoroughly annotated datasets result in stronger models. However, this process demands
a significant amount of time and human resources. Transfer learning, which was created
on this foundation (Torrey & Shavlik, 2010), employs pre-learned weights from trained
models, allowing for rapid convergence while training on new datasets and serving as a

preliminary basis for model evaluation and optimization. Dawei et al. (2019) employed
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model weights trained on three independent insect datasets (NBXIR, Xiel, and Xie2)
for transfer learning and achieved an accuracy of 0.94 in detecting ten pest Kinds. To
test the model’s generalizability, the scientists used it to identify two types of weeds,

with an accuracy of 0.99.

Deep learning’s capacity to automatically identify features is less reliant on feature
selection quality, resulting in higher classification results than machine learning. Wen et
al. (2015) described moths using an approach that combined form, color, and texture
data, and they proposed the improved pyramidal stacked de-noising auto-encoder
(IPSDAE) as a deep neural network for moth identification. The model had an accuracy

of 0.98 without distinguishing species and was unaffected by insect posture or angle.

In addition to image identification, deep learning is commonly utilized for object
detection. Arsenovic et al. (2019) compiled a dataset of 79,265 plant disease images
captured under various weather conditions. The team proposed PlantDiseasenet, a two-
layer structure trained by both PDNet-1 and PDNet-2. PDNet-1 employed the You Only
Look Once (YOLO) object detection algorithm to detect plant leaves, whereas PDNet-2
classified them. The trained model had an accuracy of about 0.94. Liu et al. (2017) used
1,053 apple leaf images, YOLOvV3, and transfer learning to generate 13,689 synthetic
images, then changed four convolutional neural network architectures (AlexNet,
GoogLeNet, ResNet-20, and VGGNet-16) to detect four common pest-caused apple leaf

illnesses. The updated AlexNet has an accuracy of about 0.98.

Deep learning’s feature extraction capability addresses the challenge of feature
selection in machine learning, allowing for quick model training without requiring
extensive mathematical expertise (Lima et al., 2020). Through pre-training,

optimization, and parameter adjustment, deep learning can handle more complex and
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challenging classification tasks. Consequently, deep learning has been widely applied in
agriculture for automatic pest monitoring and management (Kamilaris & Prenafeta-

Boldd, 2018).

2.2 Image quality assessment

Image quality assessment is a critical process to ensure that images meet the
required visual and technical standards. Without high-quality image inputs, even the
most accurate models will be rendered ineffective. However, in real-world imaging
environments, it is challenging to guarantee that each captured image will be of optimal
quality. As a result, undertaking an image quality evaluation is a necessary step for

further image processing and model training.

2.2.1 Application in insect pest monitoring

Several research have shown that CNNs are useful in insect classification tasks,
with great performance results (Thenmozhi et al., 2019). In keeping with these
improvements, our team created a wireless sensor network device specifically for insect
pests monitoring. This system takes images of sticky paper traps placed in front of the
device and uses deep learning techniques to precisely measure the types and numbers of
insect pests (Rustia et al., 2020). However, taking high-quality images for subsequent
model training has a significant impact on the generalizability and overall data quality
of deep learning models.

12
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2.2.2 Image curation

Recent studies have developed and implemented a variety of strategies to
overcome image quality assessment difficulties. One such strategy is to use many
unsupervised algorithms to improve image quality. Deswal et al. (2014) created the
HSV image classifier, which is specifically used to recognize the background of sticky
paper traps. The background in typical shots is usually consistent in color; for example,
sticky paper traps seem yellow and green after white balance adjustment. Abnormal
images, on the other hand, can have a variety of hues due to reasons such as lighting
fluctuations, the presence of water droplets, obstructions, or camera wiring issues. To
quantify this enhanced color volatility, the standard deviation of each color channel in
the HSV space is calculated. Furthermore, using unsupervised learning to automatically

identify outliers yields an overall measure of color variability (Susanto et al., 2020).

Clarity is another important consideration when evaluating image quality. Jiang et
al. (2016) proposed using Laplacian variance as an indicator to assess the overall clarity
of an image. This method uses unsupervised k-means clustering to calculate the degree
of image blurriness. Blurred images can have a major impact on the performance of
deep learning models; therefore, recognizing and filtering such images is critical for

maintaining the dataset’s quality.

Applying these two unsupervised techniques for image curation ensures the
accuracy and stability of subsequent model training. High-quality images enable
improved feature extraction, which increases the performance of deep learning models.
This method not only improves model resilience, but also ensures that devices can
reliably monitor and classify insect pests under a variety of environmental situations.

13
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2.2.3 Image quality enhancement

Image enhancement is a technique for improving the quality, contrast, and visual
perception of images, making them easier to read, analyze, and comprehend. This is
often accomplished by amplifying or emphasizing key aspects and elements in the
image. Image enhancement is frequently compared to image restoration; the primary
distinction is that, whereas image enhancement subjectively affects the original image’s
features and details, image restoration focuses on objectively restoring an image to
return it to a set standard. Image restoration aims to repair or recreate deteriorated
images by estimating the degradation process, which includes salt-and-pepper noise,
defocus blur, and motion blur (Mohapatra et al. 2014). Given the difficulties to maintain
ideal image acquisition and imaging circumstances in real greenhouse settings,
addressing or increasing different images is crucial to mitigate subsequent impacts on

classification models caused by imaging issues.

Zamir et al. (2022) investigated the limitations of convolutional neural network
models in responding to large-scale data, notably in the setting of high-resolution image
restoration. The researchers created an efficient Transformer model that alters the
architecture of the original forward propagation layer and multi-headed attention layer,
allowing for interaction and application to high-resolution images. This model
performed well in a variety of image restoration tasks, including motion blur, defocus
blur, and image denoising. The experiments described above demonstrate how deep
learning techniques can improve image quality, provide better features, and increase
classification model performance. The application of such technologies to pest

recognition studies has tremendous potential. Improving image quality through
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enhancement and restoration procedures guarantees that the input images are of high

quality, thereby improving accuracy and reliability of pest classification models.

2.2.4 Indexes of image quality assessment

Image Quality Assessment (IQA) is considered as an image feature, with metrics
used to quantify and evaluate image quality (Sara et al., 2019). These metrics aid in
determining whether an image fulfills specific quality standards while also providing
objective benchmarks for image processing and analysis. Accurate image quality
assessment frequently requires a ground truth reference, which is difficult to get in real-
world applications. Image quality is commonly assessed using reference measures such

as Mean Square Error (MSE) and Peak Signal to Noise Ratio (PSNR).

MSE, or squared error sum, is one of the most commonly used metrics for
assessing image quality. A value closer to O corresponds to a higher quality image.
Ebrahimi et al. (2017) used Support Vector Machines (SVM) with different kernels to
detect thrips, using image length, hue, saturation, and brightness as indicators for
creating the SVM structure. They also used MSE and Root Mean Square Error (RMSE)
to test the classification model, and discovered that combining SVM with these image

features resulted in an MSE of less than 0.023.

PSNR is another statistic used to assess image or video quality, specifically the
similarity between original and processed or compressed images or films. It aids in
determining the degree of information loss during compression, processing, or
transmission. PSNR is measured in decibels (dB), with higher values indicating less
disparities between the original and distorted images, resulting in higher quality. PSNR
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values ranging from 30 to 50 dB are usually regarded indicative of adequate image
quality. Dai et al. (2020) introduced a Generative Adversarial Network (GAN) that uses
the PSNR measure to recover low-resolution insect images, thereby increasing
classification accuracy and recall. The testing results indicated an approximate 1.83-fold

increase in recall and a 0.12 increase in classification accuracy.

MSE and PSNR are important tools for assessing image quality, but they have
severe limitations. Both metrics are derived based solely on pixel values at specified
places, interpreting the image as a collection of individual pixels and ignoring local or
overall image structure information. To address this, the Structural Similarity Index
(SSIM) was created. SSIM assesses not only the changes between an original and
processed image, but also other important factors such as brightness and contrast, which
may not be visible to the human eye but are critical for enhancing model training.
Chodey and Noorullah Shariff (2022) suggested a four-stage model that used various
deep learning methods. The first stage used Bayesian theorem for image denoising, the
second stage applied LightenNet for image enhancement, the third stage utilized a
Residual Network (ResNet) for image classification and recognition, and the final stage
included the classification results in a fully connected layer. This method’s
effectiveness was validated on various insect datasets, achieving an SSIM measure of

0.99, making it suitable for real-time pest monitoring and detection.
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2.3 Data quality assessment

The proliferation of big data has had a significant impact on all research disciplines,
including computer science, business, and medicine (Boyd and Marwick, 2011). Big
data has also been used in agricultural techniques, including environmental data
monitoring and pest management (Gevrey & Worner, 2006). These data are no longer
simply technical, but have been collectively given by individuals and organizations

from other sectors (Boyd & Crawford, 2012).

However, big data is only meaningful when it is valuable (Batty, 2012). Big data
also brings challenges with data quality and usage, which can reduce its usefulness.
Incorrect data-driven research does not fulfill the requirements of acceptable scientific
practice in terms of validity or accuracy. Without a thorough understanding of data
quality and related difficulties, this type of research may yield biased or inaccurate

results (Liu et al., 2016).

2.3.1 Applications of enhancing data quality

Data quality is the process of characterizing and quantifying data’s quantitative and
qualitative qualities. Li et al. (2022) suggested a transfer learning-based data quality
enhancement technique that applies machine learning systems to semantic analysis on
social media, revealing a strong association between dataset quality and machine
learning model performance. Therefore, assessing data quality is essential for improving
model performance. Xin and Wang (2021) introduced a DCNN-G model that combines

deep learning with Google Analytics, categorizing image quality into nine levels by
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adjusting image denoising parameters, and then using YOLOVA4 to test and validate the
categorized images. This approach achieved a recognition accuracy of 0.95, surpassing
the original DCNN model’s accuracy of 0.84. Lathey and Atrey (2015) proposed a
method based on the Shamir Secret Sharing (SSS) algorithm to enhance the quality of
encrypted image data in the cloud. This technology enables several image improvement
operations, such as denoising, anti-aliasing, edge enhancement, contrast adjustment, and
dehazing, to be done within the encrypted domain with minimum accuracy loss and

decreased processing resources.

Fine-tuning is the process of changing a machine learning model that has been
trained on a specific dataset to fit a new dataset. Tan et al. (2018) trained machine
learning models using the AskAPatient and TwADR-L datasets, transforming text
strings into vectors for model input. They chose pre-trained models, such as AWD
LSTM in ULMFit or BERT, added layers specific to the final experimental objectives,

and trained the model using the provided word vectors.

2.3.2 Indexes of data quality assessment

Determining the quality of data requires the use of applicable data quality
assessment metrics. Currently, most data quality measurement standards are problem-
specific and lack the fundamental principles necessary for practically applicable metrics
(Pipino et al., 2002). Data quality is a multidimensional concept, encompassing various
aspects of the data itself and objective measurements based on specific datasets (Puljak,
2016). When conducting data evaluation, a set of principles should be followed to

develop assessment metrics tailored to specific needs (Cai & Zhu, 2015).
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The Simple Ratio Principle (SRP) evaluates data quality by calculating the ratio of
predicted results to overall outcomes, with 1 being the most ideal result and O
representing the least ideal result (de Aquino et al., 2018). The Minimum or Maximum
Operation Principle can be used to evaluate various data assessment indicators
simultaneously. The Minimum Operation Principle is a cautious technique that ensures
that the total value of data dimensions does not exceed that of the weakest data

assessment measure (Chen et al., 2021).

Ballou et al. (1998) proposed a general metric for evaluating the timeliness
dimension, applicable to the assessment of volatility in monetary terms over time. When
each variable has its own importance in evaluating a particular dimension of data,
Weighted Averages are appropriate. Each weight should range between 0 and 1, and the

sum of all weights should be equal to 1 (Karkouch et al., 2016).

2.4 Application of voting and spatiotemporal analysis

2.4.1 Feature extraction in machine learning

In the field of machine learning, feature extraction is the process of extracting
relevant features or qualities from raw data and using them to train and analyze machine
learning models. These qualities can take several forms, including numerical data,
structured data, images, and audio. The basic purpose of feature extraction is to convert
raw data into a format that machine learning models can interpret. Machine learning
ensemble classification is a widely utilized method for pest identification and
classification. This strategy often mixes numerous machine learning models and bases
the final categorization decision on their combined predictions.
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Atallah and Al-Mousa (2019) proposed a majority vote ensemble method for
predicting the chance of people developing heart disease. This study trained on real-life
data from healthy and ill patients and classified them using the majority vote of various
machine learning models. This method proved to be more accurate than utilizing a
single model, with an accuracy rate of 0.9. Kasinathan and Uyyala (2021) used machine
vision and several feature extraction approaches, such as texture, color, and shape, to
classify crop pests. They used a variety of machine learning approaches, including basic
and ensemble classifiers, and assessed the classification results using majority voting.

Finally, they had an accuracy rate of around 0.92 for 24 different pest species.

2.4.2 Ensemble voting mechanism

Ensemble Voting Classification is a machine learning technique that improves the
accuracy and performance of prediction models. It integrates numerous machine
learning models, each of which makes its own predictions, to determine the final

forecast using a majority voting technique.

Kumari et al. (2021) recommended that the ensemble soft voting classifier be used
for binary classification, specifically for early detection and prediction of diabetes
incidence. The ensemble uses three machine learning methods for classification:
random forest, logistic regression, and support vector machine (SVM). The method is
also contrasted and examined using breast cancer datasets, with the suggested ensemble

soft voting classifier reaching an accuracy of around 0.97.
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2.4.3 Spatiotemporal analysis

For time series data analysis, instability or misclassification in the system often
leads to missing or incorrect data. In sections 2.4.2 and 2.4.3 discussed two methods for
image curation and data quality enhancement, using a voting mechanism to eliminate
the misjudged parts. Nasri et al. (2023) proposed the spatiotemporal proximity
distribution, observing the number of students at various locations on a campus over
time through wearable devices. They recorded the movements of students within the
campus using a spatiotemporal matrix, observing and analyzing students’ social

networks and their social behaviors.

Throughout the literature review in this chapter, some algorithms and strategies
were used to improve the overall quality of the pest recognition system. This involves
enhancing the quality of collected images by image curation, optimizing deep learning
models to increase recognition accuracy, and using voting and spatiotemporal
techniques to improve statistical data quality. These approaches eliminate errors and

produce analysis data that closely resembles real-world settings.
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CHAPTER 3

Materials and Methods

3.1 System overview

The objective of this study is to enhance model performance and overall data

model training, and data analysis.

Image curation

Model training

Input sticky paper
traps images

Abnormal

Discard
images

Background
Detection

Normal

HSV image
classifier

Blurred

Discard
images

Unsupervised
laplacian variance

A 4
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...........................

Train the object
detection model

h 4

— Generate label files

Train the
classification model

h 4

> Update label files

quality of the current I’PDM system, providing environmental data and accurate counts
of insect pests that closely approximate real-world conditions. The framework of

research is illustrated in Fig. 3-1, which contains three key components: image curation,

Data analysis

Create spatio

temporal array
—

h 4

Machine learning
voting algorithm

h 4

Plot spatio temporal
diagram

Y

Compare the results
with ground truth

A
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Fig. 3-1. lllustrations of research framework.
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3.2 System architecture

In this chapter, we will introduce the optimization of the entire system architecture,

including three key components: image curation, model training, and data analysis.

3.2.1 Image curation

In the image curation process, images of sticky paper traps were recorded with
wireless sensor network devices and sent to a laboratory server for model training and
data analysis. Weather, illumination, and environmental conditions like as dust, water
droplets, and glare can all have an impact on the camera module and result in low-

quality images when collecting continuous data.

This work offers a two-step image curation approach, with a focus on background
identification of sticky paper traps and image deblurring. The first step in the image
preparation process is to remove low-quality images. These images often feature more
than two backdrop colors. To identify them, we transform the RGB color space to the
HSV color space and determine the standard deviation of each color channel, as shown

in Eq. 3-1:

[IC; — Gl| = \/(CI,H + Cop)? + (Cis + Co5)?+(Cry + Cop)? (3-1)

Where C; — C, represents the difference in color distance, by calculating the hue
(H) component, saturation (S) component, and value (V) component in the HSV color
space to see if the background colors differ too much, hence determining whether the

background color of sticky paper traps is a single color. Combining these deviations
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yields an overall measure of color variability, allowing us to distinguish between high-

quality and low-quality images.

The next step involves checking the clarity of the images using Laplacian variance
to calculate an indicator of overall image clarity, as shown in Eq. 3-2. In this study, the
unsupervised K-means method was employed to automatically classify images into
normal and abnormal categories. The model determined thresholds autonomously,

eliminating the need for empirical observations.

Z| =

Laplacian Variance =

N
D@ -1Ir (32
x=1

Where Laplacian variance is a measure of the variance of the image, which is used
to determine the sharpness or blur of an image. N is the number of pixels in the image,
L(x) is the Laplacian value of the x-th pixel, and L is the mean of the Laplacian values
of all the pixels. A higher value of Laplacian variance indicates a sharper image,

whereas a lower value of Laplacian variance indicates a blurrier image.

3.2.2 Model training

After completing the image curation, we obtained high-quality image for model
training. Initially, we employed YOLOV7 object detection model to identify and mark
all objects present on the sticky paper traps, the operation as shown in Fig. 3-2.
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Fig. 3-2. YOLOV7 object detection model architecture (Wang et al., 2023).

First, the original 3280 x 2464 RGB image captured by the Raspberry Pi camera
module was scaled to 3200 x 2400 using bicubic interpolation to ensure equal
division. The resized image was then tiled into 5 images of length and 4 images of
width, for a total of 20 images at 640 x 640 resolution. Tiling is an object detection
approach that improves detection accuracy by breaking a high-resolution image into
smaller sections, lowering the size of the object detector’s input image. This method is
especially successful in detecting little items. Tiling is an object identification approach
that improves detection accuracy by breaking down a high-resolution image into several
smaller parts. This method reduces the dimensions of the input image for the object

detector, resulting in better detection of small things. The image tiling resolution of
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640 x 640 was chosen since it corresponds to the YOLOV7 input size, removing the

need for extra resizing and serving as individual inputs to the object detection model.

We next used a residual network to classify insect pests on the identified objects.
The authors of ResNet developed the concept of residual modules, which use shortcut
connections to add the output of a prior layer to subsequent stacked layers, as illustrated
in Fig. 3-3. By integrating residual modules, the model may more quickly learn the
residual between input and output, allowing for smoother deep network training. This

effectively tackles the vanishing gradient problem that arises while deepening models.

x|

Weight layer

F(x) ¢ ReLU X

Woeight layer

F(x)+X

ReLU

Fig. 3-3. The shortcut connection of ResNet.

In this research, we select ResNet-18 model, a lightweight model within the
ResNet series, having 18 stacked layers that retain key ResNet properties. It maintains a
balance between model correctness and computing efficiency. ResNet-18 consists of an

input layer, convolutional layers, residual blocks, a global average pooling layer, fully
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connected layers, and an output layer. The input layer accepts images as input to the
model, then performs convolution operations with a stride of 2 to minimize image size.
Outputs are then processed using stacked residual blocks, with each block consisting of
two convolutional layers. Each convolutional layer is followed by batch normalization
and Rectified Linear Unit (ReLU) activation functions, and residuals can be propagated

effectively using skip connections.
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Fig. 3-4. ResNet-18 model architecture diagram (He et al., 2016).

In this study, following the architecture of current I°’PDM systems, insect images
are scaled to 128 x 128 pixels as input. This ensures compatibility of the new model’s
input with the existing system, allowing seamless integration into the 1°PDM system

without requiring additional adjustments.

The advantage of using a two-stage approach over a one-stage approach lies in the
practical challenges presented by insect pests on sticky paper traps—they are often too
small, densely populated, and may overlap. Therefore, compared to combining object
detection and insect pest classification into a single step using YOLOv7, employing a
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two-stage approach simplifies the complexity of a single model, thereby enhancing the
model’s generalization capability. During training with YOLOV7, label files are
generated to record the spatial coordinates of detected objects. Following classification
with the residual network, the classifications are mapped onto the coordinates of the
YOLOv7-detected objects. Finally, this process produces a label file containing the

types and populations of insect pests.

3.2.3 Data analysis

After training the object detection and insect pest recognition models, we used the
resulting label file to analyze the data and calculate the types and numbers of insect
pests. However, the analysis results derived directly from raw data contained major
mistakes. For instance, in Fig. 3-5, On days 1, 2, and 4, the system correctly identified
the insect species and provided precise coordinate information. On Day 3, however, one
misidentification occurred, and one insect was not detected. In this paper, we present a
voting system and a spatiotemporal algorithm to handle the problem of model

misclassification and missing data, as shown in Fig. 3-6.
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Fig. 3-5. lllustrations of misclassification and missing data.

This method pseudocode has two important components: majority voting and
spatial temporal correction. First, compute the occurrences of each insect pest during a
certain time interval, recording the starting time point and coordinates at which each
insect pest is first identified. Use these coordinates to see if an insect pest remains on
the sticky paper trap. If an insect pest is observed at the same coordinates for more than
half of the time points, it is considered to be continuously present. If it does not match

this requirement, the model considers it a misclassification.

Second, after using the voting mechanism to reduce misclassifications, the number
of insect pests may still be inaccurate. It is important to correct these misclassifications
to the correct insect pest species in order to avoid an excessive amount of missing data,
which could lead to incorrect statistical results. By comparing coordinates at previous
and subsequent time points, misclassifications and missing data can be adjusted to the

correct insect pest species, producing more accurate statistical results.
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Algorithm 1 Spatiotemporal Correction Algorithm

Input: Raw data containing labels generated by the object detection and
insect pest recognition models
Output:: Corrected data with classifications of insect pests

1: procedure MAJORITY_VOTING(predictions)

2 counted_predictions < Count(predictions)

3 mazx_occurrence < Max(counted_predictions)

4: if max_occurrence > 1 x TotalCount(predictions) then
5: majority_class < Class with highest occurrence

6 else

7 majority_class < Undetermined

8 end if

9: return majority_class

10: end procedure

11: procedure SPATIAL_TEMPORAL_CORRECTION(data, label file)
12: corrected_data < EmptyList

13: for each entry in label file do

14: current_species < entry.species

15: current_time < entry.time

16: current_coordinates < entry.coordinates

17: neighbor_species < EmptyList

18: for each neighbor_entry in label file do

19: if |neighbor_time — current_time|] < Time Intervals and
Distance(neighbor_coordinates, current_coordinates) < Threshold then

20: neighbor_species. Append(neighbor _entry.species)

21: end if

22: end for

23: corrected_species <— Majority_Voting(neighbor_species)

24: if corrected _species # current_species then

25: corrected_data.Append({species : corrected_species})

26: else

27: corrected_data.Append({species : current_species})

28: end if

29: end for

30: return corrected_data

31: end procedure

Fig. 3-6. Spatiotemporal algorithm pseudocode
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Next, we employ Mean Squared Error (MSE) and Mean Absolute Percentage Error
(MAPE) to analyze the differences between raw data, spatiotemporal analysis, and
ground truth. Using these statistical quantitative criteria, we can assess if the voting
mechanism and spatiotemporal algorithm enhances the overall data quality. This
technique highlights how our proposed analytical methodology improves the accuracy

of statistical data in this study, allowing it to better approximate real-world data.

3.3 Experimental sites

The wireless sensor network devices were installed in greenhouses in Taiwan. The
information for each site is presented in Table 3-1, and the geographical locations of the
installation sites are illustrated in Fig. 3-7. Three of the sites were established by our
team previously, while the remaining three were set up recently by this work (Rustia et
al., 2022). At each site, the number of installed sensor nodes was determined based on
recommendations from the farm managers. The sensor nodes at these sites continuously
collects environmental data and images of sticky paper traps, and then transmitted data

back to the laboratory server.
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Table 3-1. Basic information of each installation site.

Field name Geographical location Crops Number of nodes
Tl Yunlin, Taiwan Tomato Seedlings 10
T2 Chiayi, Taiwan Tomato Seedlings 7
S1 Chiayi, Taiwan Strawberry 8
01 Chiayi, Taiwan Orchid 6
02 Chiayi, Taiwan Orchid 4
M1 Taipei, Taiwan Melon 6

Taipei City

Yunlin County
T1

Chiayi County

T2, S1,
01, 02

Legend

Melon (1'7) .
Tomato seedlings (T) Total number of sites: 6

g Strawberry (5) Total number of sensor nodes: 40
Orchid (O)

Fig. 3-7. Geographical location of each installation site.
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The number of installed devices in each site is related to the greenhouse area, the

farmers’ management strategies, and the pest hotspot areas. The experimental sites are

independent of each other in terms of crop cultivation, management strategies, and

weather factors. The crops grown are mostly major economic crops in Taiwan,

including tomato seedlings, orchids, melons and strawberries. The installation setup

maps for each site are shown in Fig. 3-8 to 3-13.

Door
1 I

I i Growing region @ Sensor node | R

| [

Fig. 3-8. Field map of Farm T1.
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Fig. 3-9. Field map of Farm T2.

Door

i
I 1 Growing region ® Sensornode | R | Wi-Firouter

R2

R1

T : : _—
1 1 Growing region ® Sensor node | R | Wi-Firouter

Fig. 3-10. Field map of Farm S1.
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Fig. 3-11. Field map of Farm OL1.

e

R1 /| Door

i
I 1 Growing region ® Sensornode | R | Wi-Firouter

| QR |

Fig. 3-12. Field map of Farm O2.
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Fig. 3-13. Field map of Farm ML1.

The devices were installed in the field following discussions with the farm
manager, with an average distribution across the area. The devices were intentionally
placed as close to the growth zone as acceptable. A Wi-Fi router was utilized to offer
network access to the sensor nodes, allowing the acquired environmental and image

data to be sent back to the server.
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3.4 Data collection

3.4.1 Wireless sensor network module

The insect pest image dataset was collected by previously developed a wireless
sensor network module named Intelligent and Integrated Pest and Disease Management
(1’PDM) in our laboratory (Rustia et al., 2020), as shown in Fig. 3-14. This module is
based on a Raspberry Pi embedded system, with an aluminum stand mounted in front of
Raspberry Pi Camera Module V2 and sticky paper traps placed to attract pests. The
module was installed in greenhouses at National Taiwan University, Yunlin, and Chiayi.
It automatically monitors environmental data and insect pest population in greenhouses
growing melons, tomatoes, strawberries, and orchids, and then transmits the data back

to the laboratory server using Wi-Fi and MQTT communication protocols.

Raspberry Pi 4 Power supply
Model B
i Light intensi
Raspberry Pi ight intensity
sensor
Camera
Moudule V2
Air quality sensor
Sticky paper (VOC and CO,)
trap

Temperature and
humidity sensor

Fig. 3-14. Illustrations of a wireless sensor network device.
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3.4.2 Target insect pests

In this study, we selected eight common greenhouse insect pests that are commonly
detected on sticky paper traps, including fly, gnat, moth fly, midge, thrips, mosquito,
cranefly, and whitefly, as seen in Fig. 3-15. Cranefly and gnat larvae feed on plant roots,
which can cause root system damage. Fly and midge larvae lay eggs on plant tissues
and feed on them, potentially causing tissue rot and destruction. Mosquito and moth fly
larvae eat plant roots and organic materials, resulting in root injury and degradation.
Thrips feed on plant cell sap, causing tissue damage and often serving as vectors for
viral transmission. Whiteflies feed on plant sap, with large infestations causing poor
plant growth and spreading viruses. These pests can severely impact crops, leading to

stunted growth, reduced yield, and increased susceptibility to other diseases.

Cranefly Fly Gnat Midge
Mosquito Moth fly Thrips Whitefly

o N S

Fig. 3-15. Eight common greenhouse insect pests in greenhouse.
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3.4.3 Data augmentation

The dataset used in this study is based on the eight-category insect pest dataset
used in earlier studies. However, due to the limited number of samples available for
specific categories, such as cranefly and mosquito, as well as the issue of class
imbalance, data augmentation techniques were used to expand and balance sample sizes
across all categories. Furthermore, the “Others” category was included to avoid the
model from incorrectly putting non-insect pest samples into one of the existing insect

pest categories, as illustrated in Fig. 3-16.

(a)

Input

Rotate

Color jitter

Gaussian noise

Fig. 3-16. (a) Data augmentation techniques were used to randomly increase the dataset;
(b) HNlustration of non-target insect pest species, including aphid, spider, leaf, water

droplet, glare and some obstacles.
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3.5 Size feature extraction

Based on previous experiences with the I°PDM system, convolutional neural
networks (CNNs) have shown insensitivity to insect size due to the fixed-size input
constraint. This leads to misclassification when insect pests of different sizes but similar
morphology are present. For example, fly and gnat both have two wings, and despite
significant size differences, their morphological similarities at certain angles cause the
model to often misidentify flies as gnats. To address this issue, we decided to
incorporate insect size as an additional feature in the model. By doing so, the model can
take size information into account when identifying insect pests, thereby improving its

ability to distinguish between different species.

| %
A
=
¥

Fig. 3-17. Manual extraction process of size features.
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Fig. 3-17 illustrates the process of manually extracting insect image size features.
First, the input RGB image is converted to a grayscale image based on Equation 3.3.
This formula weights each pixel’s RGB values according to the human eye’s sensitivity
to different colors, producing a new grayscale value. This method extracts grayscale

information from a color image.

Y =0.299 x R + 0.587 X G + 0.114 X B (3-3)

Where Y represents a new grayscale value, and R, G, B represent the original

image’s color channels. This method extracts grayscale information from a color image.

Next, we apply the Otsu algorithm to binarize the grayscale image. Otsu’s method
Is an automatic threshold selection technique based on the image’s grayscale histogram
(Otsu, 1979). For images with significant contrast, such as sticky paper traps where the
background color contrasts sharply with the insect body color, Otsu’s method
effectively binarizes the image, as shown in Fig. 3-18. This allows us to mark the

background as white and the insect bodies as black, thereby clearly distinguishing the

insect regions.

Inter-class Variance —

Background Foreground

L
t

Intra-class Variance Intra-class Variance

Fig. 3-18. OTSU Thresholding method
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Finally, we calculate the number of black pixels using Equation 3.4 and divide it
by the cropping area of the object detection model to obtain the proportion of the insect

on the sticky paper traps. This provides the size feature of the insect.

Si tio = Number of black pixels ad
tzeratto = Cropping area of object detection model (3-4)

Additionally, to prevent the size feature from being diluted in the high-dimensional
feature vector, we added an extra fully connected layer after the fully connected layer of
the original ResNet-18 model. The purpose of this additional fully connected layer is to
reduce the original 512-dimensional feature vector to 31 dimensions. In this fully
connected layer, the size feature is injected, resulting in a final feature vector consisting

of 32 dimensions that include the size feature.

3.6 Model evaluation

After completing the model training, we conducted a comprehensive evaluation on
the testing dataset. The evaluation of the object detection model included calculating the
mean Average Precision (mAP). Specifically, mAP:.5 refers to the mAP calculated at an
Intersection over Union (loU) threshold of 0.5. For the evaluation of the insect pest
classification model, the F1-score was computed. The F1-score is a commonly used

classification performance metric that combines precision and recall to evaluate the
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model’s capability in classification tasks. The formula for calculating the Fl1-score is

shown in Equation 3-5 to 3-7.

- TP (3-5)
Precision = m
TP (3-6)
Recall = TP-I-—F]V
precision X recall (3-7)

F1 score = 2 X —
precision + recall

Where TP (true positive) represents the number of samples correctly predicted as
positive, FP (false positive) represents the number of samples incorrectly predicted as
positive, and FN (false negative) represents the number of samples incorrectly predicted
as negative. The F1-score ranges from 0 to 1, with a value closer to 1 indicating better

classification performance.

The F1-score comprehensively considers both precision and recall, preventing the
oversight of the model’s performance across different classes that might occur when
using a single metric. For multi-class classification models, the formula is adjusted as
shown in Equation 3-8. The F1-score for each class is calculated and then averaged by

the number of classes N to obtain the macro average F1-score.

YN_ F, — score, (3-8)
N

Macro F; score =
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In addition to evaluating the performance of the models themselves, the object

detection model was evaluated using mAP@.5, while the insect pest classification

model used F1-score. This study utilized McNemar’s statistical test to examine whether

the proposed models and methods significantly improved upon the original models

(Wang et al., 2022). This method compares the predictions of two classifiers on the

same samples, establishing a 2x2 contingency table, as shown in Table 3-2.

Table 3-2. Contingency table of McNemar’s test.

Model 1 correct

Model 1 incorrect

Model 2 correct A

Model 2 incorrect C

Where A represents the number of samples where both models predicted correctly;

B represents the number of samples where the model 1 predicted incorrectly but the

model 2 predicted correctly; C represents the number of samples where the model 1

predicted correctly but the model 2 predicted incorrectly; and D represents the number

of samples where both models predicted incorrectly.

According to the contingency table above, these results can be divided into two

categories of pairings: consistent (A, D) and inconsistent (B, C). When the null

hypothesis H, is true (i.e., there is no significant difference between the two models),
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we expect A+ B =A+ CorB+ D = C + D, which is equivalent to B = C. As a result,
assuming H,, the numbers in B and C should be evenly distributed between the two
categories. A chi-square test can be performed to determine whether the numbers in B
and C are representative of the predicted distribution. This statistical procedure is
referred to as the McNemar test. When doing the McNemar test, the chi-square test

statistic is computed using Equation 3-9:

_(B-0)? (3-9)
~ B+C

2

After calculating the chi-square test statistic, utilize it with one degree of freedom
to get the P-value. Compare this P-value to the significance level of 0.05. If the P-value
is more than 0.05, we cannot reject the null hypothesis H,, implying that there is no
significant difference between the two models. On the other hand, if the P-value is less
than 0.05, we reject the null hypothesis H,, indicating a substantial difference between
the models. We use the McNemar test to assess the performance differences between
models and determine whether they are statistically significant, which provides a basis

for selecting whether to switch models.
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3.7 System status front-end

To facilitate easier monitoring of equipment anomalies in each field and increase
equipment availability, we utilized an MQTT broker as an intermediary between field
devices and the server. Additionally, we designed a website to display the operational
status of the equipment. The user interfaces allow for quick and clear visualization of
equipment performance, eliminating the need to wait for the entire model training
process to complete. By designing a log file, we greatly decreased the loading time,
avoiding the need to load all the data from the server. This section discusses the design

and development of the system status front-end.

3.7.1 MQTT broker

In the original setup, each device transmitted data directly to the server. However,
since the Raspberry Pi’s IP address is randomly assigned upon reboot, packet loss issues
arose. Continuous listening also increased the server’s operational load. To address
these issues, we introduced an MQTT broker in the communication protocol, acting as a

bridge between field devices and the server, as shown in Fig. 3-19.
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Fig. 3-19. Hlustration of MQTT broker setup. This figure demonstrates the
configuration of the MQTT broker, detailing its role as an intermediary between field

devices and the server, and highlighting the data flow and communication pathways.

The broker’s functionality is divided into two parts:

1. Subscriber Functionality: The broker acts as a subscriber, subscribing to the
devices in different locations to obtain raw data. The field devices act as publishers,
responsible for publishing information to the subscriber. This approach reduces the

server’s burden by delegating data collection and transmission tasks to the broker.
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2. Publisher Functionality: The broker acts as a publisher, and the server acts as a
subscriber, subscribing to the broker to obtain the collected data. The advantage of this
setup is that the server only needs to provide its IP address to the broker. By fixing the
broker’s IP address, the issue of devices being randomly assigned IP addresses upon

reboot is eliminated.

3.7.2 Website

To obtain real-time operational status of the devices, we implemented an additional
log file within the broker. This log file records the field, device number, and IP address
reported by each device, effectively functioning as a roll call system. This setup
facilitates monitoring device health, ensuring proper operation, and checking for any IP
address conflicts. Additionally, we utilized AWS Quicksight to design a webpage that
displays the roll call system, providing a clear and immediate overview of device status.
The specific workflow is illustrated in Fig. 3-20, and the interface of AWS Quicksight

is shown in Fig. 3-21.

MOTT Broker y file (Field
—> Log e he.c, —»  AWS loT Core —» AWS Quicksight
number, ip address)

Fig. 3-20. Workflow of MQTT Broker and AWS Website. This figure illustrates the

integration of the MQTT broker with the AWS website.
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Fig. 3-21. Real-time Device Monitoring AWS Webpage. This figure shows the AWS
webpage for real-time device monitoring, utilizing AWS loT Core to collect data sent

from servers and display it using Quicksight on the webpage.
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CHAPTER 4

Results and discussion

4.1 Sticky paper image curation method

Each wireless sensor network device deployed in the field captures images every
day between 7 a.m. and 5 p.m., generating two images per hour at 00 and 05 minutes,
resulting in a total of 22 images per day. However, environmental factors such as dust,
water droplets, glare, or equipment instability, such as loose camera cables or device
malfunctions, may occasionally affect image quality, resulting in poor-quality images.
Failure to filter out these problematic images can adversely affect the performance of
subsequently trained models. Therefore, the initial step involves image curation
obtained from the devices. This work proposes two image curation methods: filtering
based on the background of captured images and evaluating the degree of blurriness.
According to the preliminary work, we observed that the captured images can be
roughly categorized into normal images with a single background color and abnormal

images with multiple background colors, as shown in Fig. 4.1.

Fig. 4-1. Examples of normal and abnormal image patterns.
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4.1.1 Unsupervised k-means clustering

After understanding the patterns of normal and abnormal images, we preliminarily
classify the images into single-color backgrounds and multi-color backgrounds by
calculating the standard deviation of the HSV color channels. We then use unsupervised
k-means clustering to automatically find the classification threshold without human
intervention, as shown in Fig. 4-2. This method effectively divides the images into two
categories: those with lower values on the left are normal images, while those with
higher values on the right are abnormal images. Similarly, for image sharpness, we use
this method to determine the Laplace variance threshold, which allows us to distinguish
between clear and blurry images. In each experimental field, approximately 10% to

20% of the abnormal images are filtered out at this stage.

K-Means Clustering of Automatic Filtering

® Normal
© Abnormal
X Centroids

@ oen =3 @ o0

0 100 200 300 400 500 600 700
Laplace Variance

\

Fig. 4-2. Result of unsupervised k-means clustering.
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We applied the experimental results from the two image curation methods to all
experimental sites to ensure robustness and generalizability. Fig. 4-3 depicts the results
of six independent experimental sites. Each site employed unsupervised k-means
clustering to categorize the images as normal or abnormal. The unsupervised k-means
clustering algorithm successfully discriminated between the two categories using the
Laplace variance. Lower values correspond to regular images with a single background
color, showing consistent and predictable situations. Higher numbers, on the other hand,
correspond to anomalous images with variable backdrop colors, which may represent
anomalies or impediments. This consistent differentiation across multiple sites
demonstrates the effectiveness of the curation and clustering method for detecting and

categorizing image anomalies.
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Fig. 4-3. Results obtained from k-means clustering in six experimental fields.
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4.1.2 Image curation results on six experimental sites

After filtering out regular and aberrant images, we tested the object detection

model to evaluate its overall performance. Table 4-1 and 4-2 present the results, with

the model quality assessed using the mAP@.5 metric. Both methods used the same

number of images for comparison. The mAP@.5 improved from below 0.6 to over 0.95

after applying image curation methods, demonstrating a significant enhancement in the

object detection model’s performance.

Table 4-1. YOLOV7 training results of six experimental fields without image curation.

Field Precision Recall MAP@.5 MAP@.5:.95
T1 0.594 0.475 0.465 0.189
T2 0.629 0.480 0.523 0.208
S1 0.584 0.498 0.462 0.187
01 0.720 0.612 0.597 0.263
02 0.692 0.590 0.557 0.247
M1 0.812 0.535 0.594 0.262
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Table 4-2. YOLOV7 training results of six experimental fields with image curation.

Field Precision Recall MAP@.5 MAP@.5:.95
T1 0.973 0.983 0.984 0.560
T2 0.951 0.915 0.949 0.578
Sl 0.963 0.953 0.971 0.608
o1 0.957 0.975 0.986 0.651
02 0.986 0.982 0.985 0.667
M1 0.949 0.912 0.950 0.582

4.2 Object detection model development

After image curation, we obtained a high-quality image dataset for subsequent

model training. The previous object detection model was trained several years ago, and

in recent years, we have added several new experimental sites. Considering that new

crops have different insect pests and the potential for future development of new

experimental sites, we decided to update the object detection model. We employed a

semi-supervised learning approach, allowing the model to retrain periodically. This

continuous updating process aims to improve the model’s accuracy and generalization

capabilities over time.
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4.2.1 YOLOvV3-Tiny vs. YOLOv7

First, we evaluated the performance of the existing and revised models on
preprocessed images. The previous model used the YOLOv3-Tiny architecture, which
is a lightweight object detection model. In this study, we replaced it with YOLOvV7,
which has additional layers and includes multi-head attention layers. These
modifications aid in distinguishing between foreground and background items, allowing
the model to focus on the areas of greatest interest. Training the YOLOvV7 object
identification model takes about 3 hours, which is a reasonable time frame. Table 4-3
and 4-4 show the results of both models for the same dataset. The findings show that
YOLOv3-Tiny is no longer appropriate for training on new experimental sites, resulting
in poor outcomes in further training. In comparison, YOLOV7 consistently achieved a
MAP@.5 score of over 0.95 across the board. For McNemar’s statistical test, the
corresponding P-value = 5.76 x 1075, reject the null hypothesis H,, there is a

significant difference between the YOLOvV3-Tiny and YOLOv7 models.

Table 4-3. YOLOv3-Tiny training results of six experimental fields.

Field Precision Recall MAP@.5 MAP@.5:.95
T1 0.440 0.137 0.115 0.037
T2 0.074 0.032 0.011 0.003
Sl 0.484 0.200 0.127 0.026
0O1 0.720 0.744 0.635 0.208
02 0.592 0.490 0.357 0.087
M1 0.712 0.135 0.149 0.051
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Table 4-4. YOLOV7 training results of six experimental fields.

Field Precision Recall MAP@.5 MAP@.5:.95
T1 0.973 0.983 0.984 0.560
T2 0.951 0.915 0.949 0.578
Sl 0.963 0.953 0.971 0.608
o1 0.957 0.975 0.986 0.651
02 0.986 0.982 0.985 0.667
M1 0.949 0.912 0.950 0.582

4.2.2 YOLOVT7 training results of six experimental sites

Following the completion of image curation, a set of high-quality images was

obtained for subsequent training of the object detection model. In real-time monitoring

applications, factors such as model training duration and the ability to achieve robust

performance with limited data samples are equally critical. To address these problems,

we first collected image datasets of different sizes from six experimental domains,

totaling 250, 500, 750, and 1000 images, respectively. These datasets provided the

foundation for training the object detection model. Table 4-5 presents and summarizes

the training process’s results for a full assessment. At this stage of the model

development, the emphasis is placed on a single object class. The evaluation of the

model performance is conducted using mAP metric, which provides a comprehensive

measure of the model’s accuracy in detecting objects within the images.
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Table 4-5. YOLOV7 training results across six fields with different number of images.

Number of

Field images Precision Recall MAP@.5  mAP@.5:.95
250 0.810 0.718 0.711 0.234
500 0.951 0.915 0.949 0.578
" 750 0.957 0.912 0.943 0.582
1000 0.960 0.928 0.958 0.588
250 0.957 0.739 0.816 0.376
500 0.973 0.983 0.984 0.560
12 750 0.975 0.986 0.985 0.554
1000 0.976 0.982 0.985 0.558
250 0.901 0.837 0.849 0.390
500 0.963 0.953 0.971 0.608
> 750 0.969 0.957 0.972 0.613
1000 0.971 0.964 0.979 0.626
250 0.928 0.963 0.965 0.531
500 0.957 0.975 0.986 0.651
o 750 0.962 0.979 0.987 0.663
1000 0.961 0.985 0.991 0.698
250 0.950 0.935 0.925 0.433
500 0.986 0.982 0.985 0.667
o 750 0.995 0.994 0.995 0.693
1000 0.997 0.995 0.996 0.698
250 0.859 0.832 0.830 0.378
500 0.949 0.912 0.950 0.582
M 750 0.957 0.915 0.951 0.575
1000 0.960 0.928 0.963 0.588
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4.2.3 YOLOVT7 training results of sites combination

After training the object detection model, it became clear that using 500 images per
field resulted in mAP greater than 0.95 at an loU threshold of 0.5. Despite efforts to
increase the dataset size to 750 and 1000 images, there was no significant improvement
in the model’s accuracy. Subsequently, to improve the model’s accuracy and efficiency,
we combined the 500 images from each field into a bigger dataset of 3000 images. The
additional dataset was then used to retrain the YOLOv7 model. However, despite
changes to several model hyperparameters, such as batch sizes of 8, 16, 24, and 32, no
improvement in model performance was detected when compared to the performance

on each experimental field. Detailed results are provided in Table 4-6.

Table 4-6. YOLOV7 training results for the 3000-image dataset.

Batch size Precision Recall MAP@.5 MAP@.5:.95
8 0.703 0.666 0.661 0.256
16 0.739 0.684 0.709 0.294
24 0.752 0.679 0.707 0.289
32 0.808 0.724 0.775 0.358

4.2.4 YOLOVT7 training results of different crop types

The substantial variability in field conditions resulting from different crops leads to
poor overall performance. Therefore, we divided the six fields into three categories

based on crop types: two fields for tomato seedlings, two for orchids, and two for fruits,
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respectively. Each category underwent individual model training, resulting in all

categories achieving mAP exceeding 0.95 at an loU threshold of 0.5. To validate these

findings, we also tested the model with images from tomato seedlings and orchid.

However, the model’s performance significantly declined, achieving mAP less than 0.8

at an loU threshold of 0.5. Detailed training results are shown in Table 4-7.

Table 4-7. YOLOV7 training results based on crop types.

Crop types Precision Recall MAP@.5 MAP@.5:.95
T1+T2 0.957 0.946 0.952 0.576
01+02 0.960 0.951 0.976 0.654
S1+M1 0.962 0.928 0.963 0.588
T1+01 0.794 0.734 0.744 0.301
T2+02 0.804 0.771 0.782 0.336

4.3 Insect pest classification model development

After annotating the target objects in the YOLOV7 object detection model, we

proceeded to train the insect pest classification model. This study compared three multi-

class models: ResNet-18, Inception-V3, and Vision Transformer (ViT). Each of these

models was trained on the same dataset consisting of eight common greenhouse micro-

insect pest species. The dataset comprising these eight species, was obtained from the

YOLOv7 model’s output, where the images were cropped around the detected objects

for further classification and analysis. The distribution of the dataset into training,
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validation, and testing sets at a ratio of 7:2:1 is illustrated in Table 4-8, and the data

augmentation techniques includes flipping, rotating, color jittering, and Gaussian noise.

Table 4-8. Dataset for training the insect pests classification model.

Class Dataset Training Validation Testing
Cranefly 2000 (200) * 1400 400 200
Fly 2000 (1000) * 1400 400 200
Gnat 2000 1400 400 200
Midge 2000 (1000) * 1400 400 200
Mosquito 2000 (400) * 1400 400 200
Moth fly 2000 (1000) * 1400 400 200
Thrips 2000 1400 400 200
Whitefly 2000 1400 400 200
Others 2000 (1000) * 1400 400 200

* Utilize data augmentation techniques to address the limited quantity of the dataset.

4.3.1 Classification model comparison

Fig. 4-4 depicts the training and validation accuracies, as well as the associated

losses, for these models. ResNet-18 stands out among the three cutting-edge models

because it has fewer layers and a lighter design, making it perfect for the multi-class

classification task addressed in this study. In contrast, Inception-V3 sets a size

constraint on the input image, requiring it to be 299x299 pixels. However, given that the

average size of micro-insects is only a few dozen pixels, scaling up the images by such
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a large amount can hinder the model’s ability to learn image features efficiently. As a
result, Inception-V3 is less accurate and has a higher loss than the other two models. So

ResNet-18’s performance in this multi-class task is sufficient.
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Fig. 4-4. Training and validation accuracy and loss of insect pest classification models.

The Fl1-score evaluation of the models used a testing dataset separate from the
training dataset. From Fig. 4-5 to 4-7, it is obvious that ResNet-18 and Vision
Transformer achieved macro F1-scores of 0.988 and 0.983, respectively. However, as
previously indicated, Inception-V3’s overall performance did not meet expectations due
to difficulties with feature extraction. Furthermore, ResNet-18 completed training in
under 30 minutes, whereas ViT and Inception-V3 took up to 180 minutes. ResNet-18
was chosen as the micro-insect pest classification model due to its low training time and

high performance.
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The Macro-F1 Score of the ResNet-18 model is 0.988 Lo
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Fig. 4-5. Confusion matrix for the testing results of the ResNet-18 model.

The Macro-F1 Score of the InceptionV3 model is 0.389
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The Macro-F1 Score of the Vision Transformer (VIT) model is 0.983 o
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Fig. 4-7. Confusion matrix for the testing results of the Vision Transformer model.

4.3.2 Results of data augmentation

After completing the object identification model training, we discovered that the
prior training dataset was too small and had an imbalanced distribution, resulting in
poor performance in some categories during actual use. Fig. 4-8 show the confusion
matrices for the initial model and the model after data augmentation. The left matrix
indicates that the original model performed poorly for fly, mosquito, and thrips,
frequently misclassifying them as gnats and midges. In comparison, the right matrix
shows that, following data augmentation, all categories performed much better, with the
exception of probable misclassifications between fly and gnat. The training and

validation details of the model are illustrated in Fig. 4-9. Overall, there were no signs of
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overfitting. For McNemar’s statistical test, the corresponding P-value = 7.8 x 1073,

reject the null hypothesis H,, there is a significant difference of data augmentation.
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Fig. 4-8. Confusion matrix for the testing results of (a) without data augmentation and

(b) with data augmentation and others category.
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4.3.3 Results of size feature extraction

In the previous part, we enhanced the model’s overall performance by augmenting

the data and adding the ““others” category. The model, however, struggled with the fly

and gnat categories because to their physical similarities at some angles, despite large

size differences. This frequently resulted in flies being misdiagnosed as gnats. To solve

this issue, we developed an OTSU classifier tailored specifically for these two species.

Fig. 4-10 compares the results without and with size feature extraction. It is clear that all

categories obtained good accuracy with size feature extraction. Furthermore, as

illustrated in Fig. 4-11, the training procedure did not display overfitting. For

McNemar’s statistical test, the corresponding P-value = 1.2 x 1073, reject the null

hypothesis Hy, there is a significant difference of size feature extraction.
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Fig. 4-11. Training and validation accuracy and loss of size feature model.

4.4 Spatiotemporal algorithm analysis

Following the training of the object detection and insect pest classification model,
a testing phase was initiated by processing a dataset over a specific time period. The
results obtained from the model training were observed and used to correct the types
and quantities of insect pests. Fig. 4-12 to 4-17 illustrate the raw data visualization
across six experimental fields, highlighting how misclassifications and missing data
lead to inaccurate statistical results. Subsequently, we conducted a detailed analysis of

insect pest species and counts specifically for field T1.
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Fig. 4-12. lllustrations of raw data visualization on field T1.
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Fig. 4-14. lllustrations of raw data visualization on field S1.
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4.4.1 Raw data analysis and ground truth

Where timestamps along the x-axis represent hourly intervals, and the y-axis
denotes the quantity of insect pests. Fig. 4-18 depicts the model’s inference results from
raw data on field T1, revealing significant noise due to partial misclassifications. In
contrast, Fig. 4-19 presents the ground truth data obtained through manual verification

of insect pest quantities on sticky paper traps.
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Fig. 4-18. Illustrations of raw data visualization on field T1. There are some
misclassifications leads to incorrect statistical data.
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Fig. 4-19. lllustrations of ground truth representation on field T1, which is manually
counting the insect pests on the sticky paper traps.
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4.4.2 Spatiotemporal algorithm

To align the raw data with the ground truth, we used a voting mechanism
combined with spatiotemporal distribution for inference optimization. Initially,
misclassifications were addressed by a voting method, in which uncovered insect pests
were regarded misjudgments and were eventually excluded. This exclusion method, as
shown in Fig. 4-20, retained only thrips and whitefly categories while eliminating other
misclassified insect pests. However, these misclassifications originally referred to other
insect infestations. As a result, it is critical to reverse these errors and classify items
correctly. Furthermore, insect pest populations were found to be lower than at the prior
time point. As a result, it is critical to restore both the types and amounts of insect pests
that were misclassified. We next used the recorded spatial coordinates to infer temporal
sequences before and after, as shown in Fig. 4-21. This successive mapping approach

tries to return misclassified insect pests to their original proper categories.
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Fig. 4-20. Illustrations of voting method, resulting in several missing data on field T1.

71
doi:10.6342/NTU202404155



cranefly
fly

gnat
midge
mosquito
mothfly
thrips
whitefly

[\
=
L

PREREERERPE
. L

Number of insect pests (counts)
[
OI—'NUJ-PU!G\-.IWKDDI—'NLU-&LHU\\JM5O

Hours

Fig. 4-21. lllustrations utilizing spatiotemporal methods to solve misclassification and

missing data on field T1.

4.4.3 Model evaluation and data analysis

The evaluation process included comparisons between individual field runs, with
an emphasis on common insect pest types and cumulative line charts. These
comparisons were carried out iteratively across numerous occurrences, with the
resulting averages calculated. Furthermore, a thorough analysis was conducted to
investigate the differences between raw data, spatiotemporal data, and ground truth.
MSE and MAPE were used as measures to quantify the average mistakes found in these
various comparisons. Table 4-9 and 4-10 offer a complete summary of the data,

explaining the efficacy and accuracy of the recommended approaches.
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Table 4-9. MSE and MAPE metrics were utilized to evaluate the performance of the

whitefly across four cycles and cumulative counts on field T1.

Whitefly

Mean Square Error (MSE)

Mean Absolute Percentage

Error (MAPE)

Cycle 1

Cycle 2

Cycle 3

Cycle 4

Cumulative counts

12.047 (raw data) /
1.095 (spatiotemporal)

31.809 (raw data) /
0.476 (spatiotemporal)

14.238 (raw data) /
0.563 (spatiotemporal)

8.048 (raw data) /
0.332 (spatiotemporal)

148.940 (raw data) /
8.607 (spatiotemporal)

31.917% (raw data) /
6.615% (spatiotemporal)

33.446% (raw data) /
4.233% (spatiotemporal)

21.776% (raw data) /
5.001% (spatiotemporal)

18.399% (raw data) /
2.698% (spatiotemporal)

26.182% (raw data) /
6.252% (spatiotemporal)

Table 4-10. MSE and MAPE metrics were utilized to evaluate the performance of the

thrips across four cycles and cumulative counts on field T1.

Mean Absolute Percentage

Thrips Mean Square Error (MSE) Error (MAPE)
Cvele 1 8.571 (raw data) / 13.140% (raw data) /
cle
Y 0.238 (spatiotemporal) 3.437% (spatiotemporal)
Cvele 2 14.286 (raw data) / 18.630% (raw data) /
cle
Y 0.191 (spatiotemporal) 3.241% (spatiotemporal)
3.574 (raw data) / 25.221% (raw data) /
Cycle 3 ) .
0.476 (spatiotemporal) 7.189% (spatiotemporal)
1.905 (raw data) / 11.786% (raw data) /
Cycle 4

Cumulative counts

0.331 (spatiotemporal)

5.036 (raw data) /
2.309 (spatiotemporal)

6.264% (spatiotemporal)

8.565% (raw data) /
4.262% (spatiotemporal)

73

d0i:10.6342/NTU202404155



To conduct a thorough analysis, we calculated the MSE and MAPE for four cycles,
focusing on whitefly and thrips. This analysis ran from October 1st to December 31st,
for a total of three months. To identify differences, raw data and spatiotemporal analysis
results were compared to the ground truth. Notably, whitefly cumulative MAPE
dropped from 26.182% to 6.252%, while thrips fell from 8.565% to 4.262%. As seen in
the table above, both the individual cycle and cumulative counts charts demonstrate a
significant improvement in the MSE and MAPE metrics produced by spatiotemporal
analysis when compared to raw data. Fig. 4-22 to 4-25 depict the data for whitefly and
thrips, organized by cycle and cumulative counts, to provide a visual depiction of the

observed trends and improvements over time.
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Fig. 4-22. lllustrations of whitefly counts compared to the ground truth for raw data and

spatiotemporal methods on field T1.
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Fig. 4-23. Illustrations of thrips counts compared to the ground truth for raw data and

spatiotemporal methods on field T1.
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Fig. 4-24. lllustrations of cumulative whitefly counts compared to the ground truth for
raw data and spatiotemporal methods on field T1.
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Fig. 4-25. Illustrations of cumulative thrips counts compared to the ground truth for raw

data and spatiotemporal methods on field T1.

To expand from a single field’s data over three months to all experimental fields,
we used MSE and MAPE as indicators of overall data quality improvement. Table 7
shows the average MSE and MAPE for six experimental fields. Results show that the
error percentages range from 4% to 5%, which is much lower than raw data without the
voting system and spatiotemporal analysis. This demonstrates the success of the
proposed approach in improving data quality, lowering misclassification rates, and

obtaining data that is closer to the real field observations.
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Table 4-11. Average MSE and MAPE with six experimental fields.

Experimental fields Mean Square Error (MSE) Mean Abspluig PereenIagg

Error (MAPE)
1 14.285 (raw data) / 17.374% (raw data) /
1.988 (spatiotemporal) 4.936% (spatiotemporal)
- 14.238 (raw data) / 15.126% (raw data) /
1.713 (spatiotemporal) 4.563% (spatiotemporal)
s1 31.809 (raw data) / 25.221% (raw data) /
2.306 (spatiotemporal) 5.286% (spatiotemporal)
o1 12.047 (raw data) / 13.140% (raw data) /
1.523 (spatiotemporal) 4.347% (spatiotemporal)
o2 11.786 (raw data) / 12.654% (raw data) /
1.416 (spatiotemporal) 4.258% (spatiotemporal)
M1 25.243 (raw data) / 21.776% (raw data) /

2.014 (spatiotemporal) 5.014% (spatiotemporal)

4.5 Reduction of missing data

As mentioned in the final section of Chapter 3. To enhance overall data quality,
this study designed a roll call system using an MQTT broker, which was then visualized
using AWS for efficient device management. The AWS Quicksight webpage results are
shown in Fig. 4-26. Each device sends a system log to the MQTT broker every minute.
Upon receipt, the data is immediately synchronized and uploaded to AWS loT Core,
which is then displayed on AWS Quicksight. A green indicator shows that a specific
field device’s system log was received within the last 30 minutes. If no log is received
for over 30 minutes, the device is considered abnormal. This method allows for rapid

management of all field devices, thereby improving the overall quality of data collection.
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Fig. 4-26. The AWS Quicksight webpage results of six experimental fields.
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CHAPTER S5

Conclusions and Recommendations

5.1 Conclusions

This work introduces a novel approach based on deep learning frameworks and
spatiotemporal analysis to enhance the data quality of an AloT insect pest monitoring

system. The specific results and achieved goals are listed as follows:
1. Image curation:

This work used two image curation methods to filter poor quality images. The
MAP@.5 improved from below 0.6 to over 0.95 after applying two image curation

methods, demonstrating a significant enhancement.
2. Model training:

This work used advanced object detection and classification models, including
YOLOvV7 with an average mAP of 0.95 across several crop fields and ResNet-18 for
insect pest classification with an overall Fl-score of 0.988, resulted in a 10.0%

improvement compared to the base model.
3. Data analysis:

This work provided a spatiotemporal analysis and voting mechanism with a MAPE
error of around 5% compared to ground truth. The new method outperformed previous
approaches and was evaluated with datasets collected over three months across six
experimental sites.
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5.2 Recommendations

The optimization of the insect pest recognition model and the improvement of the
overall data quality framework in this study have been successfully completed.
However, there are some points for improvement and recommendations for future

research, which are mentioned as follows:

1. The current object detection model relies on mAP@.5 and McNemar’s statistical
tests. While rejecting the null hypothesis and confirming significant changes in the
model, the focus is still on enhancing mAP@.5 performance. It is recommended to
investigate various measures and their relationship to the final outcomes. For
example, incorporating the Missing rate or identifying the proportion of samples
that must be filtered out to produce better results could yield further insights.

2. The present insect categorization methodology relies solely on the F1-score and
McNemar’s statistical test. While rejecting the null hypothesis and confirming
significant differences in the model, the focus is still on enhancing F1-score
performance. However, the “others” category only includes non-target insect pests,
which could lead to mistakes in some fields or scenarios. It is advised that the
“others” category be further examined to determine whether it should be divided
into more specific categories such as water droplets, glare, dust, or other insect pests.

3. The present spatiotemporal analysis method analyzes data from six experimental
sites over three months, with four cycles of data. It is advised that the data analysis
be extended to six months or a year to cover the entire crop cycle, which would

improve the reliability of this analysis method.
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