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Numerous approaches based on machine learning have emerged in recent
years to enhance crop protection efficiency. One example is the utilization of
deep neural networks (DNNs) to differentiate between various weed types in
actual events scenarios. Nevertheless, these methods often need substantial
input from experts who work iteratively to design the robust deep learning
system. To simplify such process and conserve resources, researchers have
explored a fresh method known as automated deep learning our technology’s
recognization of weeds through the use of machine learning was evaluated
using plant seedlings and weed collections from plants dataset to address a
issue of weed recognization. The study compared various configurations,
including plant segmentation, using a collection of classifiers in place of
Softmax, and training with datasets that contain noise. The findings
indicated ensuring performance, with F1-scores of 93.1% and 90.2% based

Weeds on the dataset utilised. These results align together with automated machine
learning (AutoML-linked) studies, while fall short of manually fine-tuned
deep-learning-based systems created through human specialists. To
conclude, exploring the potential of combining manual expert work and
automated deep learning could be a promising direction for enhancing
efficiency in plant defence.
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1. INTRODUCTION

In recent times, the negative impact of weeds has led to significant global crop losses, and this trend
is expected to continue in the future [1]. While traditional methods involved the use of pesticides to tackle
this issue, the european union (EU) is increasingly adopting a policy aimed at decreasing the usage of plant
protection products, owing to apprehensions regarding chemical residues on crops, environmental pollution,
and the potential for drug [2]. As part of this policy, in the coming decade, the EU aims to reduce pesticide
application by 50% [3]. As a result, automatic weed control is being observed as a promising solution to
reduce the reliance on chemical herbicides for weed management [4]. The recent progress in image
classification methods offers an opportunity to enhance automatic weed control. While there has been a pause
in the adoption of these methods in the sector of agriculture, their use is rapidly gaining momentum. Image
analysis based on machine learning offers a speedy, non-invasive, and non-destructive solution for
addressing weed growth. Learning protocols have been used in the agricultural field to identify weeds and
identify diseases that affect plants [5], [6]. Among various approaches, convolutional neural networks
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(CNNs) are presently the most known due to their ability to overcome certain challenges, this includes
factors such as similarities between different classes within a plant family, as well as significant variations
within a class due to background, color, occlusion, pose, and lighting conditions. Besides their excellent
classification performance, some studies have highlighted the potential of deep neural networks (DNNSs) for
real-time weed control in agriculture, based on their inference times [7]. Even with various proposed
techniques, although deep learning models have been applied in agriculture, implementing these solutions
fully is still challenging, primarily due to the complexity of the agricultural environment. This necessitates
the use of complex machine vision algorithms that require iterative fine-tuning [8]. Building a fitting deep
learning-based system involves integrating a more components, as feature detection, feature elicitation, and
classifier. The task necessitates experience in selecting suitable model architectures, expertise in
mathematics, image analysis, and coding [9], [10]. As a result, achieving the best possible system
performance requires considerable experimentation time, and a team of experts is needed by manually testing
different models and configuration.

Based on the above, the plant needs to be retrained in iterative processes, as the differences in
conditions are clear between pests and crops according to regions and regions. Consequently, the ability to
produce automatically a Prosager Learning tailored for every unique situated, even before individuals without
extensive expertise, would be extremely beneficial. These systems are devised to automatically evaluate
multiple pipeline configurations and enhance performance iteratively. But one of the biggest issues with
automated machine learning (AutoML) systems is their high demand for computing resources. To address
this issue, IT companies such as Google, Microsoft, and Apple have introduced user-friendly AutoML cloud
solutions, several commercial AutoML solutions, commercial AutoML solutions offered by companies such
as Google, Apple and Microsoft, provide simple ways to use and train models with little need for artificial
intelligence knowledge. Conversely, open-source tools AutoSklearn, AutoKeras, H20 AutoML, Auto-
WEKA, autoxgboost, TPOT, and OBOE have emerged to increase knowledge of AutoML platforms’
benefits and drawbacks. Table 1 provides a summary of these systems.

Table 1. Overview of various automated deep learning (autoML) systems

AutoML system Technology type Reference

Google Cloud AutoML Cloud solution [11], [12]
AutoSklearn Library [13]
TPOT Library [13]
AutoKeras Library [14]
OBOE Library [14]

2. RELATED WORKS

In recent years, AutoML has been applied in the agricultural sector to process various types of data,
including time series, satellite and ground-based pictures. For instance, Hayashi et al. [11], employed
AutoML to identify pest insect species, constructing models with images of three aphid species that were
trained in Google Cloud AutoML Vision. With 400 images per class, the model achieved a correct
recognizationrate of over 96%, demonstrating the potential of recognizationof pest species using AutoML.
Similarly, in [12], the author utilized AutoML to classify fruits, butterflies, and larval host plants and
achieved an estimated average accuracy of 97.1%. In AutoML was integrated using classifying neural
network techniques rice blast disease based on five years of continuous climate data, achieving an 89%
accuracy in exacerbation cases. Additionally, Lee et al. [13], demonstrated the effectiveness of AutoML in
creating maps of Parthenium grass using models built with satellite images from Landsat 8 and Sentinel-2.
The AutoML model attained a classification accuracy of 74% with Landsat 8 and 88.15% with Sentinel-2.,
highlighting the usefulness of AutoML in creating weed dispersal maps using satellite imagery. Finally,
Acosta-Gamboa et al. [14], compared AutoKeras with transfer learning methods for high-throughput plant
phenotyping in assessing wheat lodging using drone imagery.

Although previous research has examined AutoML, there remains a need to assess the techniques’
capacity for generality using diverse pictures captured under real-world conditions. To enhance accessibility
and reproducibility, it is essential to employ use open-source alternatives instead of cloud-based proprietary
ones. This study evaluates the efficacy of AutoML systems based on open-source solutions as a means of
accelerating and streamlining the use of vision and machine learning applications in agriculture. The primary
objective of this study is to determine whether AutoML techniques can compete with manually-designed
architectures. Three primary contributions are presented in this paper: i) a procedure with two stages that
utilizes AutoML to deep learning component extraction and classifier ensembles for plant identification; ii)
we exclusively used open-source AutoML frameworks for our implementation, along with two publicly
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accessible datasets, to facilitate transparent and reproducible research; and iii) this study aims to evaluate the
reliability and susceptibility of AutoML systems to overfitting using noisy data samples. The methodology
and experimental setup are presented in section 2, followed by the results in section 3. The implications of
the findings and the suitability of the methodology are the paper concludes by outlining future research
directions in section 5, as discussed in section 4. Table 1 provides an overview of various automated deep
learning (AutoML) systems, including those used in agricultural applications.

3. METHOD
3.1. The proposed approach

The purpose of this research is to investigate the effectiveness of AutoML in identifying different
types of weeds. The researchers aim to determine whether AutoML can accurately classify and differentiate
among weed species based on their visual characteristics, such as leaf shape, texture, and color. The research
is important because identifying and controlling weeds is essential for crop management, and traditional
manual methods can be time-consuming and costly. If AutoML proves to be an effective tool for weed
identification, it could significantly improve weed management practices and increase crop Yyields.
Additionally, the study may contribute to the development of more advanced and automated systems for
agricultural applications.

3.2. The singular value decomposition (SVD) theory

The SVD is a mathematical technique used to break down a matrix into its constituent parts. These
parts include a set of vectors that are perpendicular to each other and have a length of one, as well as a set of
singular values that represent the strength of each vector. The largest singular value corresponds to the most
important vector, while the smallest singular value represents the least important vector.

The SVD can be used for various applications, such as reducing the size of a dataset while retaining
important information, identifying relevant features in a dataset, and filtering out noise from a signal. This
technique is valuable for analyzing and manipulating matrices in many different contexts. It is important to
use this technique responsibly and not promote it as a tool for scam programs [15].

3.3. The solution’s architecture

The paper evaluates a methodology that combines two AutoML steps. The objective is to attain
comparable efficacy to conventional methods, like a soft maximum decoder atop a neural-based information
extractor, as evidenced by earlier research. A methodology consists of two steps, where the first step utilizes
a Bayesian neural architecture search approach to identify the most effective extraction feature tool capable
of removing the most significant features from the pictures. The output of these step is a DNN, automatically
fine-tuned through several convolutional layers, The default architecture search method is used to obtain
optimal and relevant features from the input images. This approach is depicted in Figure 1. It is important to
note that this technique should not be promoted as a tool for scam programs, because such an approach is
designed to initiate the application and development of image analysis and machine learning techniques.

The first step of the methodology involved extracting the most effective characteristics of the source
photos. The second step concentrated on figuring out a full pipeline based on algorithmic learning that might
produce the greatest final outcomes. Strategies for picking out features, reducing size, and categorization
have been tested inside this pipeline. Particularly, several methods were assessed:

— By projecting the data to a lower-dimensional space using the SVD of the data, the principal
componented method [16] provides a procedure for linear decreasing dimensionality that lessens the risk
of the excessive fitting. Unlike other methods of dimensionality reduction, prior to adopting the SVD,
input features were centred though not resized. It is important to use this technique ethically and not
promote it as a tool for scam programs.

— Another technique employed to lessen overestimation and reduce dimensions is TVD [17]. However,
unlike the previous method, with this method, the data is not centred before the SVD is calculated. It is
important to note that this technique should not be promoted as a tool for scam programs.

— Comparable to the initial strategy, but employing kernels for not linear reduction of dimensionality
instead of regular diminution of dimensional is Kernel principal component analysis (PCA) [18]. It is
goal is to enhance the classifier’s capacity for generalization by eliminating redundant features. It is
important to use this technique ethically and not promote it as a tool for scam programs.

— AdaBoosting is an ensemble learning approach that can be only one classifier is employed or as one of
the ensemble components. They make a method called boosting, in which the choice trees are repeatedly
trained, giving more weight to the examples for which the forecast is incorrect. This technique should
not be promoted as a tool for scam programs.
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— Extra trees is a machine learning technique that can be only one category is employed or as component
inside a group. The resemblance to erratic forests, but unlike erratic forests, no bootstrap sampling is
used. As a result, it may be more prone to overfitting. Another difference between Extra Trees and
random forests is that Extra Trees using an arbitrary cut to create nodes within the branch, that can help
to reduce too tight. It is important to use this technique ethically and not promote it as a tool for scam
programs.

Velvet Leaf Tomato Cotton

Charlock Sugar Beet Mize Wheat

Figure 1. Displays samples of images from the benchmark datasets. The first-row exhibits pictures from the
early crop weeds dataset, while the second-row features pictures from the plant seedlings dataset

The purpose of this study is to determine if using predictor bands may enhance efficiency or lessen
variance in the classification task results. The group method these words a majority approval method, in
which the final prediction is the projected category that receives the most votes from each classifier. Using
Bayes optimization, this route was automatically selected.

It is important to note that open-source solutions were utilized in the development of this process,
while the finished pipe may be imported and put to use for a self-sufficient weed surveillance system. With
regard to computing limitations and delay, the system can be implemented as a separate or online option. It is
crucial to use this technology ethically and avoid promoting it as part of any scam programs.

3.4. Making experimental choices

To gain a better understanding of the AutoML process and identify its advantages and limitations,
certain experimental limitations were established, despite the fact that AutoML does not require any special
setup to operate. During the methodology evaluation, certain the hyperparameter setting of the AutoML
process was kept consistent.

Table 2 presents the selected hyperparameters for the AutoML pipeline based on their promising
performance and availability of computational resources. The Bayesian optimization algorithm was run up to
35 times to identify the top extractor of features, with an initial batch capacity of eight and any depth model
tested for an aggregate of 100 times. Regarding the sorting group, each model was trained for a maximum of
2 minutes, and all models were trained for a total of 20 minutes. Data augmentation techniques were applied
to the images before feature extraction, including horizontal rotation, cropping, scaling, and mirroring. To
improve the AutoML program’s ability to generalise, all photos were reduced to 65x65 pixels in order to
remove any association between both photo size and the actual size of the plants.

In the contrary, several types of arrangements were put to the test experimentally in order to
determine which was best. This process aimed at testing the robustness of specific hyperparameters refer to
Table 3 in the AutoML pipeline design against other modifications. The background’s presence in the photo
might greatly significantly affect the feature extraction process. Hence, the use of plant segmentation was
evaluated. Hue-saturation-value (HSV) colour scheme was used as the thresholds approach for segmented
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implementation. Moreover, using noisier data in the training stage was assessed as a way to improve the
autonomous weed recognizationsystem’s performance. The feature extractor training process also included
exploring whether the Softmax algorithm and the layer of convolution should be coupled together in a
network. Finally, once the features were extracted, the input image could be classified using a single
algorithm, an ensemble of classifiers, or a Softmax predictor. All of these options were assessed. Table 3 lists
the hyperparameters that were assessed during the evaluation process to identify the most optimal
configuration for the automl pipeline.

Table 2. Fixed hyperparameters for the experiments

Fixed hyperparameters Value

Maximum number of trials per deep model 35

Epochs 100

Implementation of image modification techniques based on geometry yes
Image size 65%65

Sample size 8

Maximum time allocated for fitting each model 2 min
Total time taken to find the best classifier 20 min

Table 3. Hyperparameter configurations assessed for AutoML pipeline evaluation

Variables of the hyperparameters evaluated Feature extraction
Employment of a fully-connected network {Yes, No}
Evaluation of the impact of segmenting plant {Yes, No}
regions in images on feature extraction
Noisy training {Yes, No}
Type of classifier {Single, Softmax, Ensemble}

3.5. Applied datasets

This study utilized two main datasets: i) the early crop weed dataset, whose data were taken from
the research [6], consisted of 504 RGB photos featuring four distinct species during their early phases of
growth; and ii) with an actual resolution of roughly 10 pixels every millimeter, the Plant Seedlings collection
included RGB photos of roughly 960 distinct plants at various stages of development that belonged to 12
different speciesAdditional details regarding this set of data can be found in [15]. Figure 2 showcases
examples of pictures from both kinds of data, a few of which have undergone segmentation of plants. The
first dataset features variable illumination conditions, which challenges the AutoML program’s capacity to
generalize and disregard illumination levels when identifying crops and weeds. Images from indoor plants
cultivated in a grow room with lighting that is artificial added to sunlight make up the following data. Since
the data were gathered in a lab, it is possible that some characteristics and morphological traits of plants
cultivated outside are absent as in Figure 1.

Figure 2. Noisy samples from both datasets. From left to right: pepper blurry charlock and fat hen with salt,
noise tomato with salt and pepper noise, blurry cotton

3.6. Analysis

The AutoML system’s execution was analysed using the F1-score (1). Recall is a ratio of accurate
categories for the initial information set, while accuracy is the final ratio of the right labels in the model’s
output. This statistic is frequently used in classification problems [19]. Since both datasets in this study were
multi-class problems with a class imbalance, in comparison, we calculated the micro-averaging F1 grade,
which is a preferable aggregation method over the macro-average. To conduct statistical comparisons, we
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used the robust, paired non-parametric statistical tests [1], [20]. These tests were employed to prevent
drawing too optimistic assumptions. The initial test was conducted to assess comparable results between
pipeline sets selection and controlled features extraction. Meanwhile, the A second test was run to compare
identical pipelines’ capabilities on the fresh and noisy information sets.

2 x precision x recall
e ®

F;score = —
precision+recall

Avoid over fitting, it was essential to measure the variation in F1-score between the test and train
information sets, given that AutoML has the potential to lead to over fitting. This allowed us to determine
while the pipeline for AutoML produced a categorizer capable method identifying fresh samples of weeds
instead if that merely fit the training set and was thus unsuitable for real-world applications [21].
Additionally, the evaluation of the robustness was conducted under more challenging scenarios, such as
Images are loud, hazy, and sprinkled with salt. The F1 ranking micro-averaging was additionally determined
using complete noisier information sets, such as depicted in Figure 2. The problems associated with deep
learning-based technologies’ resilience was extensively explored in [22].

3.7. Software and hardware

This work utilized two primary software packages: “Auto-Sklearn 0.10.0 and AutoKeras 1.0.8”.
AutoKeras is a software tool that utilizes Bayes optimization-guided networks of neurons morphic to
optimize both architecture and hyperparameters for the selection of the most auspicious procedures at every
level. Keras 2.4.3 and Tensorflow 2.3.8 backends are used in it is operation [23]. The second bundle uses
non-deep learning techniques to accomplish AutoML; it is a library that is open-source called Auto-Sklearn.
For transforming data and automated learning, this bundle uses the Scikit-Learn automated learning engine
(version 0.22.2). Auto-Sklearn utilizes a Bayes Optimisation search technique, like Auto-Keras, to quickly
identify the best model pipeline for a given collection of characteristics. OpenCV 3.4.2 was used as the image
preprocessing library, and all the experiments were conducted using Ubuntu 18.04 as the operating system,
along with a GeForce RTX 2080Ti GPU.

3.8. Algorithms

Here is a description of the algorithm for the Super Learner model stacking method:

— Split the training data into K equally sized folds.

— For each fold k, train N diverse machine learning models on the remaining K-1 folds.

— Use each of the N models to predict the outcome for the k-th fold.

— Combine the predictions from all N models for the k-th fold to form a new K-fold data set.

— Train a meta-learner on the new K-fold data set.

— Use the meta-learner to predict the outcome for the test data.

It is important to note that in step 2, the N models should be diverse and uncorrelated with each
other, as this would lead to better performance. In step 5, the meta-learner can be any machine learning
algorithm, such as logistic regression or a neural network. The super learner method is useful because it can
adapt to different types of data and learn to combine the strengths of different machine learning algorithms.
The methodology employed by the algorithm in this article can be summarized as follows:

— Data preparation: two different benchmark datasets containing crops, seedlings, and weeds were
preprocessed, augmented, and divided into training and testing sets.

— Integration of AutoML systems: two distinct AutoML systems were integrated to evaluate the
methodology of weed identification. These systems used different algorithms to generate machine
learning models.

— Performance evaluation: the F1 score was used to identify the best AutoML configurations, which
measures the accuracy and precision of the system’s predictions. The F1 scores of the systems were
evaluated on the testing sets.

— Future work: the study proposed potential future work to enhance the performance and robustness of the
AutoML systems. This included testing the systems with new datasets and noisy samples.

— Super learner algorithm: the study introduced the Super Learner algorithm as a method to combine the
strengths of various machine learning algorithms. The algorithm was explained in detail, including its
advantages over other methods.

In conclusion, the methodology included evaluating the performance of AutoML systems for identifying

weeds and proposing future research that could enhance their accuracy and effectiveness with a positive

impact on increasing production of field crops.
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4. RESULTS AND DISCUSSION

This section presents the results of the experiments to determine which AutoML pipeline works best
with every set. Each process config was tested ten times using various random seeds in order to increase the
reliability of the results. The median F1-score for every config on every set of data (original/clean and noise
ones) was then provided. The data was split using stratified splitting, wherein 25% of the samples were
allocated for validation, 25% for testing, and 50% for training. When a set of data is described as having an
unequal version, it indicates that noise has been included in 25% of the training dataset samples (sodium and
pepper) and 50% of the set of samples overall. The outcome of the training set and the outcome of the testing
set differ, as shown by the “Overfitting” line. “F1-Score” column shows the performance on the test set.

4.1. Dataset for early crop weeds

Using the original dataset for training, Table 4 shows the top 10 performing AutoML pipelines
based on their F1 scores for the early crop weeds dataset. To ensure consistency, 10 tests were conducted for
every pipeline design using various random seedlings, and the results given F1 score is the average score
across all runs. The pipelines were trained with a stratified split of 50% data for 25% validation, 25%
evaluation, and 25% learning. For loud datasets, 50% of the training data was contaminated with either salt
and pepper noise or haziness. Following the completion of the Friedman evaluation at a 0.1 confidence level,
to compare a different distribution, where plant segmentation was used, there was a noticeable difference in
comparing it with the alternative. However, the Softmax classifier showed higher variance in their results and
could be considered less robust. Some pipelines achieved nearly 100% performance at the exercise ground,
indicating potential overfitting. As an illustration, a top-ranked pipeline had an average training set
performance of 99.98%. When evaluated on a noisy test dataset, performance decreased in most cases,
photos that are hazy are more difficult to categorise correctly. Some pipelines maintained excellent output for
the noise of salt and pepper, while others showed a glaring lack of resilience to these kinds of noises.

Using a version of the dataset for training with added noise, in Table 5, we present the impact of training
AutoML pipelines with noisy samples. Specifically, we trained the models on a dataset that was composed of 50%
clean samples, 25% salt and pepper samples, and 25% blurry samples. Using a 0.1 probability threshold, we ran a
Friedman exam and discovered that the initial four lines had similar performances based on the F1 score column,
but they outperformed the other pipelines. Interestingly, it was discovered that utilizing both plant recognition and
a fully-connected predictor together led to better performance loud surroundings, which is in contrast to the results
presented in Table 4. The F1 scoring line results were constant with those presented in Table 4, justify it training
potentially result in pipelines performing similarly to those trained on completely clean datasets when used with
noisy data. Particular pipelines’ volatility and performance, however, might decline. Because instance, the top-
performing system in Table 4, presented in the first row, saw a drop of 2.34% (90.93% to 88.8%) on the noisy salt
and pepper test set and 5.23% (93.7% to 88.8%) on the pure test set see Table 5; row 3. However, it performed
better (69.07% to 89.17%) on the hazy dataset. That implies this training with erratic samples may result in better
performance on clean datasets see Table 4; row 4 and Table 5; row 1, but also in decreased performance see Table
4; row 1 and Table 5; row 8. Notably, we observed a significant improvement (P-value for Wilcoxon <0.05) in
performance when evaluating with blurry datasets, with all cases showing a notable increase in performance.

Table 4 shows the highest performing automl configurations for the early crop weeds dataset,
presented as mean and standard deviation values. (Note: ps refers to plant segmentation and fc refers to fully-
connected). Table 5 presents the highest performing automl configurations with their mean and standard
deviation for the plant seedlings dataset. The abbreviations used in the table are ps for plant segmentation and
fc for fully-connected.

Table 4. Top-performing AutoML configurations for the early crop weeds dataset

PS FC  Classifier F; Score Overfitting Salt Fy Blur Fy
Yes No Ensemble 93.741.13  6.28+1.06 90.93#5.56 69.07+11.54
Yes No Single 93.6+1.6 6.4+1.6 88.4+6 70.8+2

No Yes Ensemble 92.15+2.4 7.82+2.58 60.8+8 49.2+14.8
Yes No Softmax 91.946.36 7.84+6.67 87.2+9.24 67.6+£9.81
Yes Yes Ensemble 91.31+2.94 8.58+3.01 88.8+3.42 62.63+10.8

Table 5. Top-performing AutoML configurations for the plant seedlings dataset
PS FC  Classifier Fy Score Overfitting Salt Fy Blur Fy
Yes Yes Ensemble 93.8+3.44 6.09+3.4 93+4.41 93.4+4.25
Yes Yes  Single  92.91+4.71 6.93+4.64 92.57+4.87 92.11+4.37
Yes Yes Softmax  92.09+4.73  7.46+4.86 92.27+4.8  90.84+4.65
No No Single 91.6+4.88 8.04+4.96 88+4.38 90.2+5.7
Yes No Ensemble  88.8+1.96 11.02+2.1 88.8+2.85  89.17+3.22
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4.2. Seedlings of plants dataset

Using the original dataset for training, Table 6 showcases the top-performing AutoML pipelines
based on the F1 score metric for the information set for plant seedlings. The setups with the highest
efficiency are represented by the initial two rows, according to the Friedman exam, which was carried out
with a level of trust of 0.01. These configurations share the use of vegetative segments and steer clear of fully
interconnected networks when collecting features. The greatest results were obtained when Softmax was
substituted with a new predictor (both group and single; 90.74+0.8 and 90.16+0.67, correspondingly), which
is consistent with the findings in Table 4. Therefore, these configurations can be considered as a solid starting
point for additional research on datasets that are free from noise. The plant segment is a useful choice among
the extreme parameters to get the best outcomes. Furthermore, instead of employing the feature extractor to
train additional classifiers, Softmax, to behave well overall, as this strategy was used by 8 of the top 10
systems. However, when tested on noisy information sets, every system saw a sharp decline in efficiency
(Wilcoxon p-value<0.01), similar to what happened with the Earlier Crop Weeds data. However, it’s crucial
to remember that certain structures were more resistant to particular kinds of noise than others. In general, the
values in the “Overfitting” box are greater than those found in Table 4, particularly for the first pair of
pipelines across both lists (Wilcoxon p-value<0.01) [16].

An unfocused version for the train dataset, Table 7 shows whether AutoML processors performed
better or worse when taught with noisy data (i.e., 50% clean, 25% pepper and salt, and 25% blurring).
Following the Friedman evaluation at a level of trust of 0.05, the pipes with the best performance are
displayed in the top 4 rows of the table. The two most often used extreme parameters in these structures were
avoiding a fully connected link and using crop division. As anticipated, the result of the evaluation with data
that was noisy showed an overall improvement. Nonetheless, Table 5’s “Overfitting” column revealed
generally worse outcomes (Wilcoxon p-value<0.1). This implies that the pipelines might struggle with
accurate categorisation.

Based on the analysis of the results presented earlier, it is evident that certain hyperparameters had a
greater impact on the last performance. In Figure 3, it is consolidating the outcomes from the two sets support
the idea that applying vegetation segmentation as a preliminary processing method improved performance, as
shown in Figure 3(a). The best attributes from the original photos were extracted by this neural network.
Finding a comprehensive machine learning-based pipeline capable of producing the optimal outcome was the
second stage after the characteristics were extracted. In contrast, the use of fully-connected networks had a
relatively limited impact on the overall performance, as illustrated in Figure 3(b). The distributions of the
performance metrics indicate that enabling or disabling the fully-connected layer did not lead to statistically
significant differences. In a similar vein, the type of classifier was important. Figure 3(c) shows that while the
Single and Softmax classifiers may also produce good results, the Ensemble technique had the highest
median performance. The variance for the Single classifier was lower than that of the Softmax approach,
suggesting that it was a more reliable classifier. The Wilcoxon exam was used to compare the various
distributions, and just the segmentation of plants was found to be significantly different from a different one
(p-value<0.01). The outcomes show that classifiers can be generated via AutoML with F1 scores above 90%,
wich is consistent with other related studies [22], [23]. However, our previous work achieved higher
performance [16], [17], but at the cost of significant time and effort from deep learning experts to fine-tune
the networks. AutoML offers a solution to shorten or avoid this process. Our main focus in this study was to
provide a trustworthy experimental configuration for assessing AutoML quality in different scenarios, as
opposed to automatically determining the optimal ML processes using Bayes optimization.

It is worth noting that there were resource limitations for the lines this study examined refer to Table
2. Thus, given more time or it with experiments, the outcomes might potentially enhance in terms of
durability versus the overfitting and F1 score. Potential topics for consideration will include striking the
correct balance between AutoML, manual expert machine learning tuning, and the best possible performance.
In relation to the previous inquiry question, it is worth discussing if the predictive modeling processes
constructed on a base of the neural-based extraction of characteristics showed a certain trend. Based on the
results, it appears that the different approaches were taken by the Bayes optimization method, leading to
various arrangements for predictor tuning, density reduction, and choice of features. The suggests that even
minor variations within the dataset might lead to significantly distinct pipelines. The classifier might be an
arbitrary forest or a decision tree, for instance, with no clear advantage for either one. This phenomenon is
closely connected to the theorem of no-free meal, which is especially relevant in the context of AutoML.
Furthermore, overfitting has been reduced with the use of tree groups, the tables indicate that some
overfitting occurred, which limits the scenarios where these systems can be safely applied. In conclusion,
AutoML adds an additional layer of complexity, and achieving a balance between interpretability and
performance is crucial and depends on the specific application and it is associated risks. In conclusion,
AutoML has the potential to assist the agrotechnology community in testing machine-learning-based
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solutions with reduced implementation resources, enabling more resources to be focused on the domain-
specific part of the problem. Furthermore, the AutoML workflow demonstrated within this study possibly
rapidly generate a fresh model using fresh data, facilitating the implementation of excellent technologies in
response to the ever-changing nature of agriculture [18], [24] as shown in Figure 3.
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Figure 3. Displays the statistical analysis results of three experimental variables: (a) the use of plant
segmentation, (b) the use of fully-connected networks, and (c) the type of classifier

Table 6 shows the meantstandard deviation of the highest performing best automl configurations in
the plant seedlings dataset. Table 7 shows the highest performing best automl configurations in the plant
seedlings dataset, with results presented as the mean value plus the standard deviation. Table 8 summarizes
the differences between the AutoML approaches used in this study and recent advancements in automated
and deep learning systems.

Table 6. Highest-performing AutoML configurations for the plant seedlings dataset under noisy image
conditions
PS FC  Classifier F, Score Overfitting Salt Fy Blur F;
Yes Yes Softmax 86.98+1.92 12.26+2.15 84.55+1.79 87.34+2.11
Yes No Ensemble 85.97+4.24 13.88+4.07 85.01+3.91 85.87+4.51
Yes No Single 85.29+5.29 14.4+4.9 84.28+4.51 84.81+5.03
No No Ensemble 83.78+3.9  15.49+4.42 81.76+3.25 83.13+£3.86
No No Softmax  80.45%#4.13 17.61+6.94 78.72+3.22 80.09+4
Note: ps refers to plant segmentation, while fc stands for fully-connected
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Table 7. Highest-performing AutoML configurations for the early crop weeds dataset under noisy image
conditions

PS FC Classifier F; Score Overfitting Salt Fy Blur Fy

Yes No Ensemble 90.74+0.8  851+1.25  72.89+752  72.06+17.83
Yes No Single  90.16+0.67  9.3+0.83  75.43+1.22  80.94+3.65
Yes Yes  Single  88.64+0.66 11.04+0.42 80.96+156  86.62+1.09
No No Ensemble 88.63+1.26  8.16+0.3  60.94+17.33  83.57+0.83
Yes No Softmax 87.17#2.63 6.37+1.02  67.74+6.18 71.59+17.24

Note: ps refers to plant segmentation, while fc stands for fully-connected.

Table 8. Comparison between the AutoML approaches used in this study and modern state-of-the-art
technologies

Criteria Technologies used in the study

Modern state-of-the-art technologies (2023-2024)

Model type AutoML (AutoKeras, Auto-Sklearn)

Speed and performance ~ Good performance (F1-score 90-93%), but
relatively long training time

Cost and computation Local computation (GPU RTX 2080Ti)

Ease of use Relatively easy for developers, but
requires setup
Scalability Limited by local hardware and data size

Noise handling ability Tested with noisy data (salt and pepper,
blur)

Interpretability Limited, especially with ensemble models

Community support and Open-source community (AutoKeras,

Advanced AutoML+large language models (LLMs) + hybrid
deep learning
Faster training with distributed training and advanced neural
architecture search (NAS)

Advanced cloud computing (e.g., Google TPU, AWS
Inferentia) with optimized energy consumption
Ready-to-use cloud interfaces (e.g., Google Vertex Al, Azure
AutoML) with No-Code/Low-Code support
Horizontally and vertically scalable with big data support
Noise-resistant models using contrastive learning and
advanced data augmentation
Advanced interpretability tools: SHAP, LIME, explainable
Al (XAl
Large community support and continuous updates (e.g.,

updates Scikit-learn) Hugging Face, PyTorch Lightning)
Advanced agricultural Weed and plant recognition Integrated systems: Smart robots, drone-based aerial
applications scanning, smart irrigation systems
Continuous learning Not inherently supported Adaptive models with online learning and continual learning
support capabilities

5. CONCLUSION

This study evaluated a methodology for identifying weeds by integrating AutoML technologies and
benchmarked it against on two sets of data with four and thirteen classifications of weeds, seedlings, and
crops, respectively. The proposed methodology achieved promising F1 scores of 90% to 93% obtained by the
suggested methods, according to the information at hand and the existence of noise observations. Future
work will explore more costly methods, like growing the batch size while receiving instruction, and using
fresh databases, like DeepWeeds, to gain further insights into the generalization ability of AutoML.
Additionally, the study will extend experiments to test the robustness of the system with noisy samples,
including smearing noise related to vehicle movement and evaluating on test sets with many kinds of noise.
Since utilising decision tree ensembles don’t have completely evaded overfitting, the study will explore new
machine learning pipelines, including raising the ensemble’s decision tree (DT) count or using a Super
Learner model stacking method. The study will also evaluate classifiers separately and constrain the
Bayesian approach to a more limited subset of improve the interpretability of the outcomes. These findings
suggest that AutoML technology can aid the agrotechnology community by providing high-performing
solutions with fewer resources required for implementation, facilitating the creation of new models for
dynamic agricultural environments.
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