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Abstract. Production estimation (the excavated soil per time) helps dredging
companies to be able to manage the dredging projects efficiently and enables
them to predict the time and cost of the project. They can calculate the production
with the density and flow sensors which are installed in a dredging ship. However,
due to the high price of the density sensor, many companies avoid purchasing
vessels with the density sensor and look for a cheaper alternative. In this study,
we explore an alternative way to predict density by leveraging data used during
production and applying machine learning algorithms on them. In this article we
use a dataset that belongs to a Cutter Suction Dredger (CSD) operating in an
African country. Our results exceed a prediction accuracy of 80%. However, our
models do not predict the density of the dredger operating in a different location.
The reason is that the features used to estimate the density classes are influenced by
various factors such as ambient conditions, water dynamics, fuel quality, and soil
properties and these factors vary based on the region. Therefore, one of the main
contributions of our work is checking the generalizability of our trained models
and explaining the features that are important for predicting soil density.

Keywords: Dredging - Sensor Data - Machine Learning

1 Introduction

Dredging is the process of excavating and removing underwater sediment, materials, and
sand or rock from waterways, seas and oceans to widen, deepen, and clean an excavation
area using innovative technology. Dredging productivity estimation is very crucial for
construction cost, schedule and resource management. It is also essential to optimize the
dredging operation. However, dredging complex environments makes it challenging to
estimate productivity accurately [11].

There are some significant reasons that companies seek an innovative way to measure
dredging production: First, the different excavation locations have different soil prop-
erties. The soil properties have the most significant impacts on a dredging operation.
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Consequently, this impacts production and energy consumption. Second, measuring
the soil properties in the complex dredging environment is very difficult, and finally,
including a density sensor is too expensive for small vessels [3].

Analysing the data gathered using machine learning (ML) offers a different perspec-
tive. It helps companies to operate effectively and efficiently in a highly competitive
maritime industry. In the shipbuilding industry, a vessel has hundreds of sensors that
generate a massive amount of data. Therefore, shipbuilding companies that use ML and
information technology can have a competitive advantage compared to their rivals and
they could have a leadership position in the shipbuilding market.

This research aims to leverage the machine learning approaches to precisely esti-
mate the cutter suction dredger (CSD) density which is an important factor to calculate
the production. This research has been done in collaboration with the R ALPHA!. R
ALPHA is a shipbuilder company specializing in designing, manufacturing, and pro-
viding customers with dredging and offshore equipment and tailor-made solutions and
services. It is the global market leader for innovative dredging and mining equipment
and vessels. ALPHA Bover? CSDs are reliable, fuel-efficient, have low maintenance
costs and are highly productive at all dredging depths. In addition, they are equipped
with state-of-the-art technology. You can see the R ALPHA CSD Bover in Fig. 1.

Fig. 1. R ALPHA CSD Bover

Our primary research question is:
How can dredging companies leverage machine learning approaches to classify the
density of dredged materials to estimate their dredging project’s productivity and cost?

We deploy five machine learning algorithms namely Random Forest, Gradient boost-
ing, Support vector machine, Naive Bayes and Artificial Neural Networks, applied to
a dredging dataset to answer the above research question. Our results show that the
prediction accuracy of Random Forest and Gradient boosting exceeds 80% which is
better than other algorithms used. The main contribution of our work is checking the
generalizability of our trained models and explaining the features that are important for
predicting soil density.

LA pseudonym.
2 Also a pseudonym.



246 Z. Zarifianshafiei et al.

The rest of the paper is structured as follows; Sect. 2 gives an overview of the existing
literature. Section 3 describes our research setting and methodology, then in Sect. 4 we
provide the results of our analysis, and finally, Sect. 5 concludes the paper.

2 Literature Review

2.1 Dredger Productivity Estimation

Researchers used machine learning approaches to estimate dredging productivity from
different perspectives in recent years. In terms of dredger productivity estimation, Yang
et al. (2015) [13] proposed an Artificial Neural Networks (ANN) predictor model for
predicting the production of cutter suction dredgers. The swing speed (the speed of a
cutter head which moves from one side to another side), the velocity of the hydraulic
pipeline transportation (flow velocity in the pipeline) and the work pressure of the cutter
(the relation between the forces behind the reamer and the amount of excavated soil) are
considered as inputs of the model. They also added the Bayesian regularization algorithm
to the cost function to help the model reach a more generalized solution. As a result, this
model can predict production accurately. However, to have a good performance model,
it needs to have more parameters as input of the model.

Bai et al. (2019) [1] proposed a real-time productivity estimation method based on
two stages. First, the key features that impact productivity were selected and used as
inputs of the four different models, namely: Random Forest, K-Nearest, Naive Bayes,
and eXtreme Gradient Enhancement (XGBoost). Next, the authors put four traditional
factors that affect productivity as inputs of motioned models in the second stage. These
factors are the working voltage of the cutter, the suction vacuum of the submersible
pump, the flow rate and the transverse cutter speed (swing speed). Finally, the results
of the two stages are compared and evaluated; The result shows XGBoost algorithm
predicts productivity more than 90%, which is better than the three other algorithms in
both stages.

Wang et al. (2020) [11] proposed a method to estimate the productivity very well,
even in the absence of the mixture concentration data. They proposed two ensemble
processes, namely, extreme Gradient boosting (XGBoost) and Light Gradient Boost-
ing Machine (LightGBM). In the first model, “Model Average,” a weighted average
ensemble of mentioned models was built and create a combined model to improve the
accuracy. The weights are defined according to the mean square error based on cross-
validation results, and the models’ predicted values are the output of the model. The
second model, “Model stacked generalization,” is a hierarchical model combination
framework where the combination of the different models creates a meta-model with
better or equal performance than each model. The R? score of the stacked generalization
model for productivity prediction was 0.9281, which was the highest among the algo-
rithms. Wang et al. [11] recommended the XGBoost algorithm in the case of real-time
productivity calculation since the XGBoost algorithm can guarantee a certain level of
accuracy and low computation time.

Fu et al. (2021) [7] introduced a framework for predicting the productivity of cutter
suction dredge. They combined SVR and Elastic Net to remove irrelevant and redundant
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features. They also added five more features to avoid overfitting based on experts’ knowl-
edge. Then they build four different predictive models, SVR (support vector regression),
XGBoost, Neural Network, and LSTM (Long-Short Term Memory Network). on a CDS
operating in a particular port of China. The result shows that the goodness of fit R2, was
more than 80% in all four models. SVR and Neural Network had the best performance,
around 87%. The authors also decided to combine SVR and Neural networks and create
a final model. The combined model’s determination coefficient R> 87.61%, which is
a too small performance improvement. Believed it needed to apply all five models on
optimized construction operation data.

Bai et al. (2021) [2] used an A.L algorithm to estimate Trailing Suction Hopper
Dredger (TSHD). TSHD is a self-propelled and self-loaded dredger with a drag-head
system with the advantage of self-navigation and self-load and unloads system compared
to other dredgers. Bai and his colleagues have studied the productivity estimation of
Cutter suction dredgers in 2019 [1]. They proposed two major modeling stages. First,
the ReliefF-Granger algorithm was applied to the real-tome dataset to select the key
features that might have the highest impact on productivity. They also proposed the
Granger causality test used in economics alongside the ReliefF-Granger algorithm to
reach a better feature collection. Second, they propose a stacking strategy combining
SVR, Beetle Antennae Search-Back Propagation (BAS-BP) and LSTM algorithms and
creating a meta-model. The accuracy of the stacking model was similar to the accuracy
of a single model. However, the stacking strategy increased the model performance since
it improved the model generalization to predict the productivity of drag heads without
time lag which was problematic in their previous study.

2.2 Dredging Productivity Estimation in Similar Areas

In terms of productivity estimation in other similar areas, Schabowicz & Hola (2007) [10]
applied a neural network on land excavators’ bucket capacity, type, soil properties and
transport capacity to estimate the productivity of earthmoving machinery. In comparison
with land excavators, CDS operation and working environment are more complex. It is
also challenging to know the soil properties in real-time operation. Since the assumptions
and operation are totally different, applying this model to the CDS dataset might produce
significant errors.

Ebrahimabadi et al. (2015) [5] applied a neural network model to estimate road
headers’ cutting performance based on the data from a coal mine in Iran. Road headers are
mechanical miners who are used in the mining, tunnelling and construction industries.
They used geomechanical characteristics such as rock mass properties, rock quality
designation and intact rock properties as inputs of the ANN model. As a result, the
model was able to predict productivity with 0.97 R2. The result was perfect, but the road
header characteristics impact the performance. Therefore, it needs to consider the road
header’s data as an input of the model.

Zayed & Mahmoud (2014) [16] proposed a Neuro-Fuzzy (N.F.) based predictive
model for predicting the productivity of Horizontal Directional Drilling (HDD), which
can be applied to different soil types. N.F. model can address non-linear relations, reduc-
ing the uncertainty and also model non-numerical data. They considered three types of
soil, i.e., clay, rock and sand; the precision of the model was 85% which is a robust
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prediction. However, it needs to apply this model to other types of soil to validate the
result.

YuMin et al. (2011) [15] used a neural network to estimate the production perfor-
mance of coalbed methane wells in the initial production stages. Due to the heterogeneity
of the coalbed, the uniqueness of the production process and the difficulty of recognizing
the reservoir’s key parameters. It’s challenging to predict production with conventional
methods. The neural network model can predict the production of gas wells with high
accuracy and an average relative error of less than 2% without recognizing reservoirs’ key
parameters. They recommended applying the method in the early stages of production,
in which some reservoir’s key parameters are unavailable.

2.3 Soil Classification

In terms of dredger productivity estimation using soil classification, Yue et al. (2015)
[14] developed a quantitative classification model for the dredging material under com-
plex conditions in dredging operations to estimate the productivity of CSDs. They used
rough-set theory to select important attributes; then, the conditional entropy was adapted
to calculate the power of the classification model. According to soil classification, con-
struction technology, and the dredger’s performance, a predictive model was built to
estimate productivity. The model was able to predict the productivity with the maximum
relative error of 11.97% and R2 98%, which is an excellent estimate. However, this
model has not been applied to another data point to validate the result. In addition, the
dredging performance and productivity are not influenced only by one single material.
It needs to evaluate the impact of various materials and the combination of materials on
dredging performance and productivity.

Braaksma et al. (2019) [3] propose a novel method to estimate parameters that are
difficult to predict, i.e., the average grain size of dredged soil, TSHD’s overflow losses,
dredging forces and an anchor position. They developed and implemented an overflow
loss estimator based on a particle filter. This estimator can inform the operators about
when to stop dredging and warn them in the case of overflow.

3 Research Setting and Methodology

Cutter Suction Dredgers (CDS) can dredge sand, clay, slit and even rock sea or riverbed.
This research focuses on ALPHA’s CSDs which are called Bover®. A CSD dredger is
generally constructed from the hull, diesel engines, steel pile positioning system, axil-
lary diesel engine-generator system, winch traverse system, reamer lifting system, head
cutter, pump system and control system. When the CSD dredger reaches the excavation
area, it has positioned itself by lowering the main spud pole at the vessel’s bow and
placing anchors at port and starboard. The anchor booms are connected to the large arm
at the front of a ladder. While the anchors are fixed in the position, the ladder lowers to
the seabed. At the end of the ladder, there is a large cutter head that cuts the seabed and
caves the material by pulling on one wire and giving slack on the other one. At the end of

3 Also, a pseudonym.



Using Machine Learning of Sensor Data to Estimate the Production 249

the swing movement, the dredger is pushed forward by a hydraulic cylinder connected
to the main spud pole. Inside the CSD dredger, a pipeline vacuums the dredged material
(mixture of soil and water) and transforms it into the discharge area, which can be several
kilometres away from the dredging location.

Several factors can influence productivity, which are dynamic and interrelated. These
correlated factors and the complex dredging environment make it difficult for the operator
to understand how much the soil is dredging. At present, most companies are using a
semi-empirical formula to build a predictive model to estimate productivity based on
historical data from previous dredging construction projects for their dredgers that do
not have the density sensor [8]. Mostly they look at any old project in the region to
determine soil conditions and use a semi-empirical formula to determine the production.
This method is time-consuming and requires input variables manually, and the model’s
precision is relatively low. The production is calculated based on this formula:

P=Cx0Q 3.1)

where P is productivity (m3/s), C is mixture volume concentration (%) and Q is the flow
(m3/s). Mixture concentration is calculated from the following formula:

C= Pmixture — Pwater (3.2)

Psoil — Pwater
where mixture subscript means rock or soil plus water, Pmixwre 1S mixture density
(kg/m3), Owater 1S water density(kg/m3 ) and psoj is soil density (kg/mS)

Inlarge dredging vessels with density sensors, they can measure mixture volume con-
centration (C). Otherwise, measuring the C is problematic because of dredging complex
environments and unknown soil properties.

As mentioned, density is a necessary variable to calculate production. Researchers
have proposed various novel regressive machine learning algorithms to estimate density.
In soil mechanics, it is common to discretize soil properties such as grain size, fraction and
deformability into different classes since the interpretation of these properties is difficult.
The grouping is done also because of the natural distribution that occurs. Therefore,
considerations must be made for all members of that group. In this paper, we are looking
for a more straightforward way to estimate the density. We also aim to reduce the effect
of soil property on the predictive model. Therefore, the density values are discretized
and divided into three classes, namely High, Medium and Low. The aim is to predict the
class of the density instead of predicting the actual amount of density. According to the
density classification model, clients can estimate the density class, and consequently,
they can anticipate an average production size in their project according to the density
class.

Although the research is predominantly quantitative, we had extensive meetings with
the experts in R ALPHA to both understand the dredging process and the data as well
as obtain feedback on our analysis.

A dredging vessel contains several sensors which measure and record the dredging
operation parameters. In this paper, we built classification models on five operation days
data which belong to R ALPHA’s CSD operating in Africa. The dredging operation data
includes 153056 datasets (rows) with 137 dimensions (columns).
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The data analysis process was done using Python. In the first stage of data cleaning,
91 sensors are removed. These sensors were mainly Boolean or had less than two values,
and 46 sensors remained for analysis. Fortunately, the dataset did not have any missing
values. According to the experts’ knowledge, when the discharge pump pressure shows
a value less than 1, it means the dredger was not operating. Hence, the rows which had
discharge pump pressure values less than 1 were removed.

To eliminate the impact of dimensionality, the features were standardized before
processing. It also needed to remove outliers. There are various methods to detect and
remove outliers. One of the most common methods to detect outliers is to use the Z-
score. In the Z-score method, each instance is subtracted from the mean and divided by
the standard deviation [9]. The formula is:

7 = 4.1)

where X; is the i instance, j the sample means of variable, o': is the standard deviation
of the variable. It is common to cut off an instance from the dataset further than the & 3
Z value (i.e., IZl > 3).

In this study, the target variable is density. The density is a continuous variable, and
it changes from 1 to 1.6. The higher density means the dredger excavates more soil.
Figure 2 shows the plot box of density.

1.00 1.05 1.10 115 1.20 1.25 1.30 135
Density

Fig. 2. Density plot box

To apply classification models, it needs to discretize the density. The density values
were ordering from low to high and then the three classes based on the data distribution
were defined: Low, Medium and High. The density classes are shown in Table 1.

We used two different filter methods to select the best features for modeling parts:
Pearson’s Correlation and Mutual Information Gain. Alongside these two methods, we
use the experts’ knowledge to select the features.

In the African dredging dataset, the number of instances in high-density classes
is substantially higher than in other classes, and therefore, the dataset is imbalanced.
Figure 3 shows the number of instances in each class. We, therefore, first oversampled



Using Machine Learning of Sensor Data to Estimate the Production 251

Table 1. Density classes

Density Ranges Classes
1-1.13 Low
1.13-1.26 Medium
1.26> High

the dataset [4]; since it did not work perfectly on the validation dataset, we decided to
apply the under-sampling method [6] on the dredging data.

20000

15000

10000

Number of instances

5000

High Medium low
Classes

Fig. 3. Unbalanced African dataset

Before starting the modelling process, the dataset was divided into 60% for training
and 40% for testing. Then, to validate the results, the model was also applied to the
new data point, which came from a different dredging operation location. 10-fold Cross-
validation was also applied to the training set to avoid overfitting.

We now discuss the results of applying four traditional classifiers, namely, Random
Forest (RF), Gradient Boosting, Support Vector Machine (SVM) and Naive Bays, to
predict the density class. We then also use and compare the results with an Artificial
Neural Network (ANN).

4 Results and Discussion

In this section, we discuss the results of applying five different ML models to the dredging
dataset. We measure the performance of the models and compare them based on the
confusion matrix, accuracy, recall, precision F1 score and AUC curve. Here, we only
show a part of the results (F1 score and AUC curve), due to space limitations.
According to Fig. 4, ANN has the highest area under the ROC curve (0.9) and the
second-best models are RF and Gradient boosting with the 0.83 area under the ROC
curve. However, although ANN has the highest AUC, the Accuracy of Random For-
est and Gradient boosting are higher than ANN (Table 2). Since ANN works better
on a larger dataset and the AUC difference between ANN, RF and Gradient boosting
is not significant, we selected RF and Gradient boosting as the best models to predict
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the density classes. There are some reasons that the other three models are not work-
ing well on the dataset. First, the SVM generally works better on binary classification
rather than multi-classification. Second, ANN has higher performance on larger datasets
rather than smaller ones and finally, Naive Bayes does not perform well on the dredg-
ing dataset because it assumes that each input variable is independent. Another reason
why tree-based models perform better, is that the dredging dataset is a tabular dataset
where tree-based models outperform deep-learning based models. Such an assumption
of independence is unrealistic for real data. Once the density classes are estimated, one
can easily find a threshold for the production. For example, If the models predict that
the density class is medium, the density changes between 1.13 and 1.16. Then, the pro-
duction can be calculated by multiplying the average flow in this threshold, with the
density. Therefore, a dredging company can find a range for their production based on
the particular density class.

1.0

0.8 _—— e

o

o

\,
\,

True Positive Rate
I
IS
\
\
\

== ROC curve Neural Network (area = 0.90)

o ROC curve Random Forest (area = 0.83)
0.2 // - ROC curve Gradient Boosting (area = 0.83)
s —— ROC curve SVM (area = 0.80)
,/ - ROC curve naive Bays (area = 0.71)
0.0 += . : - .
0.0 0.2 0.4 0.6 0.8 1.0

False Positive Rate

Fig. 4. Using ROC Curve to compare different models.

To validate the results and reach the generalized models, RF and Gradient boosting
were applied to a new dataset containing data from the same dredger operating in a
different location (and therefore a different domain), the Middle East. This dataset con-
tained 17447 rows and after data cleaning, the number of instances reached 9307 and
the dataset was also highly unbalanced. Therefore, we also applied under-sampling to
the new dataset.

Unfortunately, the results of applying RF and Gradient boosting to the validation
dataset were not satisfactory (Accuracy of 47% and 51%, respectively). To find the
reasons why models work on the African dataset perfectly but have weak performance
on the Middle-Eastern validation dataset, it is necessary to know which features have
the highest impact on the models. As demonstrated in Tables 3 and 4, velocity, fuel
consumption, both exhausts left and right, fuel consumption and main engine load are
the most important features to predict the density. Although these features are highly
influenced by soil characteristics, other factors such as fuel quality, weather conditions,
water dynamics and maintenance can impact these features. For instance, humidity
affects the engine burn rate characteristics. An increase in humidity decreases the engine
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Table 2. Accuracy of the 5 ML algorithms (Gradient Boosting and Random Forest are our two

chosen algorithms — therefore highlighted in red)

Algorithm Accuracy
Gradient Boosting 0.82
RF 0.79
SVM 0.77
ANN 0.74
Naive Bays 0.62

burn rate and increases the combustion duration; consequently, more fuel will be needed
to continue burning (Wimmer & Schnessl, 2006 [12]). Therefore, humidity might impact
the main engine load and fuel consumption. Since the ambient conditions in the two
locations are different, it is difficult for a machine-learning algorithm to learn from one
dredging dataset and predict another dredger’s density which is operating in different
conditions. However, the classification models suggested in this study can be used to
estimate the density and production of similar CSD dredgers operating in a similar

location with the same conditions.

Table 3. RF feature importance

Feature Rank
Main engine load 0.186911
Main fuel consumption actual 0.177837
Average main exhaust gas right and left 0.157061
Velocity 0.153465
Engine speed 0.091282
Dredge pump vacuum 0.082344
Dredge pump discharge pressure 0.07776
Joined swing winch speed SP 0.038647
Cutter hydro oil pressure 0.034694
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Table 4. Gradient boosting feature importance

Feature Rank

Main engine load 0.207232
velocity 0.158834
Average main exhaust gas right and left 0.157494
Main fuel consumption actual 0.151152
Engine speed 0.087958
Dredge pump vacuum 0.087583
Dredge pump discharge pressure 0.073724
Cutter hydro oil pressure 0.039985
Joined swing winch speed SP 0.036039

5 Conclusions

In this study, we attempted to answer the question of how we could use an ML approach
to estimate the dredging production by classifying the density of dredged materials.
Estimating the dredging production helps dredging companies calculate the cost and
time of dredging projects. We began by analysing the Africa dataset where the density
values were divided into three classes high, medium and low and the aim was to estimate
the density classes instead of estimating the density values directly. We then applied
five different classification algorithms, namely, RF, Gradient boosting, SVM, Naive
Bays and ANN, to the dataset. Among these five models, RF and Gradient boosting
estimated the density with an accuracy of 80%, and 82%, respectively. However, to
validate the result and to determine the generalizability of the models, the models were
applied to a Middle east dredging dataset. Unfortunately, the models did not perform
as well in predicting the density classes of the Middle East dredger. We found out
that the features that play an important role in density estimation are highly influenced
by various factors such as soil characteristics, ambient conditions, fuel quality, water
dynamics and maintenance procedures. Although some dredging experts believe that
the lack of information about soil mechanics is the main reason that estimating dredged
soil density in different locations is a challenging task, we believe the mentioned factors
should also be considered in applying the density estimation models in different domains.
This understanding of the generalizability of our models and explaining it based on the
used features is one of the main contributions of this paper.
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