Journal of Physics: Conference
Series

PAPER « OPEN ACCESS You may also like

e . - East prediction of reservoir permeability
Coarse Aggregate Shape Classification Method hased on embedded eature seleaion and

LightGBM using direct logging data

Based on Per_Optuna_LightGBM Model Kaibo Zhou, Yangxiang Hu, Hao Pan et al.

- Disruption prediction and model analysis

. . . X using LightGBM on J-TEXT and HL-2A
To cite this article: Xin Feng et al 2023 J. Phys.: Conf. Ser. 2589 012015 Y Zhong, W Zheng, Z Y Chen et al.

- Estimation of Stellar Atmospheric
Parameters with Light Gradient Boosting
Machine Algorithm and Principal

Component Analysis
Junchao Liang, Yude Bu, Kefeng Tan et
al.

View the article online for updates and enhancements.

c S| DISCOVER
i - how sustainability
The Vi : intersects with
Electrochemical & |
Society

Advancing solid state &
electrochemical science & technology

This content was downloaded from IP address 3.23.102.216 on 14/05/2024 at 09:28


https://doi.org/10.1088/1742-6596/2589/1/012015
https://iopscience.iop.org/article/10.1088/1361-6501/ab4a45
https://iopscience.iop.org/article/10.1088/1361-6501/ab4a45
https://iopscience.iop.org/article/10.1088/1361-6501/ab4a45
https://iopscience.iop.org/article/10.1088/1361-6587/abfa74
https://iopscience.iop.org/article/10.1088/1361-6587/abfa74
https://iopscience.iop.org/article/10.3847/1538-3881/ac4d97
https://iopscience.iop.org/article/10.3847/1538-3881/ac4d97
https://iopscience.iop.org/article/10.3847/1538-3881/ac4d97
https://iopscience.iop.org/article/10.3847/1538-3881/ac4d97
https://pagead2.googlesyndication.com/pcs/click?xai=AKAOjstB97F0PI63TN5g5ajJHyBYcOzq3ib0p8H4VW17l4G_S15bNRy1xxamxguzNOrLv7jYf7kQtpHCxFVpVv7EhbNlbKOYYVaggigCkMWIu7Ve-C9R6uXGpftkqLEkAYWc-DKZGzBqO_8_O7BU75uOgXpjOupcrIRWuygPjBDrDKBPN89HBO8w0-2cWo68YkaB2EyLpcF65VUdFMrJzmF3Emw1nPbNOJAaNK7unUjVyAnse-HzvDmU3FmGJyfTzeQlEI_gnBh8TcprGbgSkCD0CSCTAlKAIELXK9k9Bblx0V2ESzDl-YKQ05EDaZ0ISaZNy78NGf6THKOY5-DgMdLlcjz708Vgmg&sig=Cg0ArKJSzGQpXgFJ0nJr&fbs_aeid=%5Bgw_fbsaeid%5D&adurl=https://iopscience.iop.org/partner/ecs%3Futm_source%3DIOP%26utm_medium%3Ddigital%26utm_campaign%3DIOP_tia%26utm_id%3DIOP%2BTIA

ICCEE-2023 IOP Publishing
Journal of Physics: Conference Series 2589(2023) 012015  doi:10.1088/1742-6596/2589/1/012015

Coarse Aggregate Shape Classification Method Based on Per-
Optuna-LightGBM Model

Xin Feng, Zhaoyun Sun*, Zhenzhen Xing, Yulong Wu and Chenyi Lian
School of Information Engineering, Chang'an University, Xi'an, China

chysun@chd.edu.cn

Abstract. To improve the detection level of aggregate shape for automated road use, Per-
Optuna-LightGBM model for aggregate shape classification is proposed. Collect aggregate
images using industrial camera and extract 48 morphological feature parameters. A feature
importance analysis method based on Spearman Correlation and Permutation Importance is
proposed to remove redundant factors and select the feature parameters of aggregate morphology.
Based on cross-validation, an optimized Optuna-LightGBM model is trained based on the
constructed dataset. Compared with GS-XGBoost algorithm, the Optuna-LightGBM model can
classify the shape of aggregates more accurately and efficiently. The accuracy value of the
proposed model is 82.5%, which increased by 4% compared to before optimization. The
proposed model can efficiently classify the shape of aggregates which meet the design
requirements, also provide a certain foundation for automated classification of aggregate shapes.

1. Introduction

In recent years, digital image processing technology has been widely applied in the field of aggregate
detection, providing a fast and intuitive description of aggregate morphology features. In the research
of road-use aggregate morphology features, Hao et al. [1] quantitatively evaluated the angularity of
aggregate particles based on 3D point cloud data, and analyzed the angularity of aggregate particles with
different particle sizes, rock types, and shapes. Pei et al. [2] and colleagues constructed a neural network
model based on multiple feature factors for calculating aggregate particle size, achieving accurate
calculation of aggregate particle size. Yang et al. [3] constructed a collection system based on line
structure light using 3D structured light point cloud method, collected aggregate point cloud data, and
conducted in-depth research on aggregate grading detection.

In terms of particle shape classification, Zhang et al. [4] summarized that the shape of coarse
aggregates has a significant impact on the performance of asphalt mixtures, and increasing the angularity
of coarse aggregates can enhance the anti-rutting performance of asphalt mixtures. Peng et al. [5]
proposed to use shape factor as the evaluation index for single aggregate shape based on the definition
of needle-like coarse aggregates, and divided the shape of coarse aggregates into three levels of square,
elongated, and needle-like based on the recognition results of shape factors, and studied the influence
of different aggregate shape qualities on asphalt mixtures through different experiments. Pei et al. [6]
and colleagues used a camera to collect aggregate image data, manually classified aggregate shape into
six categories, processed the images with various morphological operations, extracted feature
parameters and transformed them into data, and optimized the XGBoost classification model through
grid search to achieve six-classification of aggregate shape.
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By summarizing the research results of scholars from domestic and abroad on aggregates, it is
concluded that the external features of aggregates are closely related to their road performance.
Therefore, this paper conducts research on road-use aggregate shape based on machine learning, with
the main innovations being:

(1) Using Spearman correlation analysis and Permutation Importance methods to reduce redundant
features, select features with high importance for the results, which can improve model efficiency.

(2) Proposing an Optuna-optimized LightGBM model, adaptively selecting hyperparameter
optimization strategies based on the characteristics of the model parameters, quickly finding the optimal
parameters within the given range, while maintaining high accuracy and improving model efficiency.

2. Material

The study discuss the shape characteristics of the aggregates. There are 1624 aggregates in this data
sample. According to the classification method Al-Batah et al. [7], the aggregates were classified into
four categories: angular, cubical, flake elongated and irregular.

2.1. Image set processing
The aggregate image acquisition system consists of a light source, a camera, a lens and a background
plate. Firstly, the aggregates are manually classified into four categories of shapes and labeled with the
categories. Secondly, based on the requirements of aggregate image acquisition, the design of the
aggregate image acquisition system is carried out, including the selection of supplementary light sources,
cameras and lenses, and background plates. The built aggregate image acquisition system is used to
capture images of the aggregates and build the aggregate image dataset. Finally, the aggregate images
in the dataset are processed, including the processes of smoothing, sharpening, denoising, binarization,
and morphology, as shown in Figure 1.

(@) Original Image (b) Binarization (c) Denoising (d) Edge Detection.

Figure 1. Aggregate image processing

2.2. Aggregate morphology feature parameter extraction
Relevant feature parameters are extracted from the acquired 2D images to represent various shapes of
aggregates, and the shape of the aggregates is described by the feature parameters. 48 features are
extracted in total, including parameters such as perimeter, internal and external circles, internal and
external rectangles, and fitted circles. The unit measures of different aggregate features are different,
and they are divided into four groups in order to better observe the distribution of aggregate feature
parameters. The perimeter characteristics are compared as a group, the area characteristics are compared
as a group, and the length and width of the long and short axes as well as the diameter are compared as
a group. The following four line graphs are drawn according to the data in the table, which can be more
intuitive to observe the different aggregates under the same characteristic latitude, as shown in Figure 2.
The Figure 2 show the comparison of perimeter, area, shaft (long and short axes) and shape
characteristics, and it can be seen that the indicators of flaky elongated are significantly higher than the
other three types, fully illustrating their long shape characteristics. The angular aggregates and cubical
are smaller, and the long and short axes vary slightly. Overall, most of the indicators vary significantly
with the shape of the aggregate, but the area of the aggregate A, the area of the convex pack Cy, the
area of the outer rectangle R and the area of the minimum outer rectangle M R,vary less with the shape.
Most of the shape features show more significant differences depending on the shape of the aggregate,
but the Rectangularity, Convexity, and Circular Factor are not significant. In view of this,
correlation and importance analysis is required for the features.
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Figure 2. Comparison of the shape characteristics of different aggregates
3. Methodology

3.1. Data pre-processing

The data characterization work starts with feature coding [8]. The aggregate shapes were classified into
four categories, namely cubical, angular, Flaky Elongated, and irregular, which were binary named as
00, 01, 10, and 11 to be fed into the model. After that, the data are normalized by scaling the feature
parameters so that they fall into the same dimensional space to ensure that all the feature data are in the
same unit magnitude and are not affected by the difference in units.

3.2. Feature importance analysis
In the feature importance analysis process, for the co-linear features, we investigated the correlation
between the features using the Spearman correlation coefficient method [9]. Hierarchical clustering was
performed using Spearman rank correlation with a threshold of 0.95. One feature was retained from each
cluster. We selected the feature parameters highly correlated with Roundness, P_CMC, Convexity, M6,
M1, E_b, and A_CMR, and performed an importance analysis on the remaining 41 feature parameters
using the feature permutation method. The results are shown in the Figure 3.
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(a) Hierarchical clustering diagram (b) Correlation Heat Map
Figure 3. Spearman correlation analysis
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Figure 4. Permutation-based aggregate shape characterization

Based on permutation to select features [10], which measures the contribution of a feature to the
model by observing changes in model performance when a feature value is randomly permuted. By
evaluating and ranking the importance of the features, we obtained the importance rankings of some
features, where a value greater than zero indicates that the inclusion of the feature can improve model
performance, while a value less than or equal to zero indicates that the inclusion of the feature has little
or even negative impact on accuracy. Figure 4 shows the importance rankings of some of the features.
To consider the impact of redundant features on model training, we selected 20 features highly correlated
with shape, such as P CMR, A_AMR, E_a, and Eccentricity, from the features that had a significant
impact on aggregate shape as shown in the figure.

3.3. Light Gradient Boosting Machine

LightGBM is a gradient boosting framework based on decision trees [11], which can efficiently handle
large-scale datasets and high-dimensional features, and has strong stability and generalization ability.
Its main principle is to improve the predictive accuracy of the model by integrating multiple decision
trees. The algorithm constructs multiple regression trees to form a tree ensemble and makes the predicted
values of the tree ensemble close to the true values to improve the predictive accuracy of the model.
When constructing the t™ tree of the model, its predicted value can be represented by formula (1).

t
¥ = e =780+ £ ®
k=1

The symbol f;, represents the k™" tree, f; (x;) is the output score of the k' tree for input x;, and yi(t)
is the prediction result of the t-tree ensemble model for sample x;.

One of the advantages of LightGBM is the histogram-based sorting method. Figure 5 shows the
process of histogram sorting. This method divides continuous values into discrete intervals, namely data
binning.
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Figure 5. Histogram optimization
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3.4. Optuna-LightGBM model construction

Optuna [12] is an automatic hyperparameter tuning framework based on various search strategy
optimization algorithms, including random search, grid search [13], and Bayesian optimization [14]. It
can help us find the best hyperparameter combination in a shorter time, thereby improving the
performance and stability of the model. Compared to other hyperparameter tuning methods, Optuna has
higher efficiency and scalability and can automatically handle both discrete and continuous
hyperparameters.

A total of 400 sets of data were selected from each category, with about 75% of the data were selected
as the training set and 25% as the test set. In the training set, Optuna was used to optimize the LightGBM
model parameters. Five-fold cross-validation was used, with 80% of the data set for training and 20%
for validation, using accuracy as the fitness function for 100 rounds of training to find the optimal
solution, and finally save the model. The model construction process is shown in Figure 6.

Define the domain space of the
LightGBM model parameters

Set the objective function: Accuracy

Obtgln a set of optimal _parameters Optuna hyperparameter optimization
in the current domain space

Whether the
obtained optimal
parameter value is the

v boundary value in the
€s spatial domain No
Y Y
Redefine the domain space according to [ Record the parameter value
the current optimal parameter values

| |
Y

[ Save the best model with optimal parameter values l

Figure 6. Optuna-LightGBM process
The data was learned and visualized using the Optuna-LightGBM model. The Figure 7 shows the
importance of each parameter, with important parameters such as num_leaves and bagging fraction
given higher weights during optimization. After 100 iterations of model training, the average accuracy
on the validation set was about 0.83, with a maximum of 0.85. After 100 rounds of training, the best
model and its parameters have been saved and can be used for prediction on a new test set.

+ Objective Value Best Value
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i
bagging_fraction -
0.84
feature_fraction 0.83
0.82
0.81

min_child_samples
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(a) Parameter importance ranking (b) Model parameter optimization process

Figure 7. Optuna-LightGBM training process
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4. Experiments and results

4.1. Model Evaluation

To evaluate and analyze the model, precision, accuracy, recall, and F1 [15] score are introduced as
evaluation metrics, using a test set consisting of 400 samples, with 100 samples for each category. The
confusion matrix is also introduced as a metric, with each row representing the number of samples
predicted by the model to have a certain shape type, and each column representing the actual number of
samples with that shape type. In addition, macro avg and weighted avg are introduced as comprehensive
metrics that provide more information about the model's performance across different categories. These
metrics are particularly useful for imbalanced data.

4.2. Results of Per-Optuna-LightGBM classification mode

In this study, the Per-Optuna-LightGBM model was used for predictive classification of aggregate
shapes. The results presented confusion matrices with colour shades reflecting the number of aggregates
as Figure 8 is shown.

angular

a0

gated cubical

Predicted label

irregular flakyke

'dﬂ{fl‘]‘z]' mhilml |'Iaky&ni(mgamd irregular
True label
Figure 8. Confusion matrix of Per-Optuna-LightGBM results.

As is shown in Figure 8, the diagonal part of the presents the darkest colour, indicating a good effect
of the four categories. Out of the 100 aggregates with actual angular shapes, 90 were correctly predicted.
Out of the 100 aggregates with actual cubic shapes, 72 were correctly predicted, which is relatively
average and may be caused by less significant changes in parameters, such as the number of cube edges
and outer circles. Among the 100 aggregates with actual shape of flaky elongated, 97 were correctly
predicted, which was attributed to its shape with obvious difference of large parameters. Among the 100
aggregates with actual irregular shape, 71 were correctly predicted, and some were misclassified into
angular and flaky elongated, which indicates the difficulty of irregular shape.

According to the confusion matrix of the Per-Optuna-LightGBM model, the precision, recall, and
F1-score of the four aggregates are listed in Table 1.

Table 1. Per-Optuna-LightGBM model aggregate shape classification

Typical shapes Precision Recall F1-score Support
Cubical 0.86 0.90 0.88 100
Angular 0.86 0.72 0.78 100

Flaky Elongated 0.75 0.97 0.85 100
Irregular 0.87 0.71 0.78 100

macro avg 0.83 0.82 0.82 400

weighted avg 0.83 0.82 0.82 400

accuracy 0.825
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From the Table 1, it can be observed that: the best classification results were obtained for flake
elongated. The classification results were better for angular and cubical, and worse for irregular shapes,
with each index lower than the former. And the Per-Optuna-LightGBM-based aggregate shape
classification model reached above 0.8, and the overall accuracy of the model reached 0.825, which
would represent that the predicted category of the model for aggregate shape is basically consistent with
the real category.

4.3. Comparison with other models

To verify the validity of the model proposed in this paper, Per-Optuna-LightGBM Model was compared
with LightGBM, Optuna-LightGBM and GS-XGBoost. Accuracy and model runtime were used as
model evaluation metrics, and the results of the four model classifications are shown in Figure 9.
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Figure 9. Performance comparison of different models

It can be seen from Figure 9 that the Per-Optuna-LightGBM model outperforms the other models in
terms of Accuracy and running time, and the index reaches more than 0.825. The Optuna-LightGBM
model is comparable to the former, but the running time doubles without the effect of Permutation
feature screening, which indicates that the work of feature importance analysis can improve the
efficiency of aggregate shape detection while maintaining accuracy. The Optuna-based powerful
hyperparameter search capability makes the LightGBM model 4% more accurate and more efficient
than the grid-search XGBoost model, thanks to the histogram optimization approach of LightGBM.
XGBoost uses a level-wise hierarchical splitting strategy, which splits all nodes at each level of the tree
This increases the computation time of the XBGoost model without considering the splitting gain of the
nodes. In summary, it can be concluded that the final optimized Per-Optuna-LightGBM model can
efficiently classify and identify the aggregate shapes.

5. Conclusion

The study takes road aggregate shape as the research object, which based on feature importance,
hyperparameter training, and machine learning model to carry out research, the main conclusions are as
follows:

(1) Based on Spearman correlation analysis and Permutation Importance for evaluation, the top 20
important features are selected to effectively improve the learning ability of the model and reduce the
running time, and the reference standard for aggregate classification is also given.

(2) The Per-Optuna-LightGBM model is proposed and compared with LightGBM model, Optuna-
LightGBM model and GS-XGBoost, respectively, and the comparison shows that the Per-Optuna-
LightGBM model outperforms the other models in terms of accuracy and efficiency.

The proposed model effectively achieves the classification of aggregate shape, and can quickly detect
aggregate shape, which is important for the development of road construction and transportation.
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