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Abstract

The Internet of Things (IoT) plays a vital role in the automation of Construction
Industry. The real time data of the construction equipment is monitored using IoT devices.
An integral approach of Iol based sensing data and Machine Learning (ML) models helps to
predict the fuel consumed by the equipment. This paper presents the real time data modeling
to estimate the fuel consumption for a trip travelled by the construction equipment using IoT
enabled remote data along with machine learning algorithms. The Random Forest, Extreme
Gradient Boosting (XGBoost) ensemble methods and Lasso Cross Validation (LassoCV),
Support Vector Machines Regression models are used in this study. These models are fitted
on dataset and splits the data into training and testing data. Based on the comparative analysis
of coefficient of determination, LassoCV technique produces more accurate results along
with the other models using Models’ accuracy measures. This study would help the decision
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makers for cost estimation of the construction project which includes fuel consumption as
major component of cost.

Subject Classification: 60G25 Prediction theory, 60G42 Martingales with discrete parameter.
Keywords: Construction industry, Internet of Things (IoT), Machine learning (ML).

1. Introduction

In the current era, the Construction Industry is significantly
contributed to the economic growth of the country. It has been observed
that the growth in Construction Industry is outstanding and remarkable
with the fast and successful completion of the Construction projects.
Construction industry is highly dependent on the Social and Infrastructure
development [20]. The construction equipment, workers and resources
are the key factors used in the construction projects. The construction
industry regularly requires an optimized tool for cost estimation to
maximize the profit and making accurate decisions. Fuel is highly
consumed for utilization of the construction equipment leading to the
largest cost in the construction projects. Essentially, all the decisions for
heavy construction equipment related to their scheduling, allocation and
performance measurement depends on fuel consumption. Traditionally,
the equipment performance handbook or the guidance from experienced
professionals used for estimating the fuel consumption required for the
construction equipment on the construction site. [8] Indian Construction
industry faces a challenge in the estimation of fuel consumption due to the
lack of digitization [15]. There is a need of estimation of fuel consumption
required for construction equipment on job site.

Internet of Things (IoI) is one of the emerging technologies in the
world which enable the use of wireless sensing mechanism to capture
data remotely. The Real time construction equipment data is easily
available and stored data is used for analysis and decision making by the
top management. Future prediction becomes easy by using the historical
data of construction equipment. Machine learning (ML) is a technology
which emphasis machines relearn from experience. ML plays a key role in
decision making for business. ML can be defined as a computer program
which perform operations from the training data or historical data. Major
two types of ML algorithms are present such as Supervise Learning
and Unsupervised Learning. Supervised learning is used to classify the
data or to predict the output variable which depends on inputs for the
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algorithm. Unsupervised learning algorithms used to analyze the given
input data and to find the patterns or behavior of the input variables.
This paper highlights the use of supervised learning to estimate the Fuel
consumption. Supervised learning algorithms leading towards creation of
a mathematical model of a set of data that contains both the inputs and
the expected output. The data is divided into training data and testing
data. Predicted output is evaluated on the inputs which are not the part
of training data. An accurate output depends on an optimized algorithm
with an improved accuracy.

This study provides an integral approach of IoT enabled real time
data of Transit Mixer and ML algorithms applications on the data. The
main objective of this study is to forecast trip wise fuel consumption of
transit mixer on the real time data provided by remote server. This study
is performed with the multiple regression algorithms as Support Vector
Machine, LassoCV along with some ensemble bagging and boosting
method as XGBoost and Random Forest. ML Models are fitted on the
dataset and best algorithm for this transit mixer data with the highest
accuracy (LassoCV) is selected and used for the forecasting. This study
provides the methodology to train the ML models and predict the fuel
consumption on the new instance of the data. This study will be used to
estimate the cost associated with the transit mixer device working on the
site and to analyze the performance of the transit mixer and identify the
pattern of working of this device for the contractors.

2. Literature Review and Limitations of Existing Techniques

Researcher presented the study related to establishing and examining
the idle time of construction equipment and notify the user if the
threshold value set for the idle time was exceeded [1] This study used
sensor data and threshold values for idling as input and produces alerts
if threshold time was exceeded and estimates fuel consumption without
the use of ML techniques. Similarly, one presented the study of predicting
the maintenance cost of the construction equipment by using time series
approaches [2] where monthly data is collected from contractors. Fuel
consumption of long-distance public bus with inward and outward
journey off traveling using ML algorithms found in the study [3][9] with
small dataset of inward and outward journey. Literature contributed
towards prediction of fuel consumption of truck, Container, ships along
with hourly fuel consumption at different time zone places with ML
techniques [4-12][17] [19] with different features like road, acceleration,
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weather, travel, speed, load and the duration of the route. Some study
demonstrated prediction of Residual value of construction equipment
[14]. It has been observed that, very few study related to automation
of construction sites with the integration of IoI' enabled sensing data
and ML approaches to estimate fuel consumption of the construction
equipment is present. Researchers used ML approaches on manual data
while others used sensing data of ships, public bus, trucks, containers
to predict maintenance cost, Residual value, idle time, and fuel. Existing
ML algorithms as Decision Tree, Random Forest and Neural Network is
inferior in case of large datasets. ML methods is used to predict the level of
emissions from heavy construction equipment using advanced techniques
as cameras and computer vision which is very costly to use [16][18].

3. Proposed Objective and Methodology

The main objective of the study is to forecast the fuel consumption
during a trip of the construction equipment (Transit mixer) along with
real time IoI based data and ML approaches. The proposed methodology
captures the real time data from the sensors attached to the construction
equipment. The collected data is preprocessed and partitioned into
training and testing data set. The ML models are applied on data set and
the best model is selected for fuel consumption prediction. The proposed
model for fuel consumption estimation is given below.

Data Preprocessing and
Filtration Process

f

Training and Testing
Dataset Splitting
Process
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best ML model

g

Real time loT enabled
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Figure 1

Model for fuel consumption estimation

3.1 Real time loT-enabled Data Acquisition and Preprocessing as Input Process

The trip wise fuel consumption data of Transit Mixer were collected
from 12 April 2022 to 18 November 2022. Many features of transit mixer
related to trips are recorded such as date time stamp, equipment location
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by latitude and longitude, trip start time trip end time, total trip duration
in seconds, fuel consumption from start point fuel level value the endpoint
fuel level value, total engine run hours from start point and end point
engine run hour value, distance covered in a trip, average speed during a
trip of transit mixer and battery voltage. All the features are extracted from
onboard sensors and some external sensors like Fuel Level sensor, Hour
Meter, Bluetooth sensor and Global Positioning System (GPS), wireless
network, Geographic Information System (GIS) attached to the device. The
data transmission from device to the data server trough the IoT gateways
happened in every minute with 308120 datapoints for 214 days. Trip wise
950 data points were captured from the start location to end location
information which consist of the run hour data, fuel consumption, time
interval, distance, and speed along with position of each trip of transit
mixer where fuel consumption is calculated by the difference between the
end point fuel level with start point fuel level with milliliter unit.

Data Preprocessing of the raw data is performed by removing outliers
or noise values and duplicates from the dataset. Data points with less than
two-kilometer distance trip proposed as outlier and removed from the
dataset before the model construction. Standardization of feature scaling
process is applied to match the input or independent features with the
target feature before ML process. Tablel denotes the descriptive Statistics
of the dataset features as

Table 1

Descriptive Statistics

Supportive Features Main Features | Mean |Std. Dev| Min | Max
Trip Start & End Latitude Trip Distance 11.53 8.94 211 | 57.97
Trip Start & End Longitude |Engine Run
Trip Start & End Engine Run [Hours

0.72 0.45 0.08 | 4.44

Hour Average Speed | 30.32 | 9.78 | 2.09 | 67.31
Trip Start & End Fuel Level
Trip Start & End Time Fuel

Trip Max Speed consumption 512 3.91 0.2 27.3

3.2 Developing Machine Learning Models as Model Process

Machine Learning is a technique for transforming data into actionable
knowledge. Various supervised ML techniques are available for prediction
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which associated with the historical data for predicting the new instances
of data points with the relation of dependent variables along with
independent input values [13]. ML model follows the Data collection,
Data preprocessing, spiling data into training and testing dataset, apply
the model on training dataset and evaluate the performance of the model.
Finally best model with highest accuracy is selected for predicting new
instance of the data. We used the different ML Regression algorithms
such as Random Forest, Support Vector Machine, XGBoost and LassoCV
models for forecasting the trip wise fuel consumption of transit mixer.

3.2.1 Random Forest and XGBoost

Random Forest and XGBoost are an ensemble learning method is the
way of collectively associate all the predictions together. This activity will
help to create more accurate ML model. Ensemble methods can decrease
variance using bagging approach, bias using a boosting approach, or
improve predictions using stacking approach. Bagging and Boosting
are ensemble learning methods. Bagging collects more than one learner
to reduce the variance of predictions. Random Forest is the example of
ensemble learning technique which trains the number of decision tree on
different random subset data. Voting is performed on final prediction.
Boosting is a method for reducing the bias and variance. Boosting
algorithm help in tracing the failed model with incorrect prediction. The
overfitting problem can be resolved in Boosting algorithms. XGBoost
(Extreme Gradient Boosting) model is used in Boosting technique. Model
performance and speed is increased using gradient-boosting decision
trees implemented in XGBoost method.

3.2.2 Support Vector Regressor (SVR) and LassoCV

“Support Vector Machine” (SVM) is a supervised ML algorithm
which can be introduced for regression as Support Vector Regressor (SVR).
Hyperplane with maximum number of points within decision boundary
line or support vectors should be present within that boundary line is main
objective of SVM. To predict the continuous values hyperplanes decision
boundaries are used. Input data is converted into the required form using
this set of mathematical functions defined as kernels [4]. SVR tries to fit
within the distance between the hyperplane and boundary lines. With the
help of linear kernel, the prediction of well consumption of transit mixer
is possible. Liner Regression is also performed by Lasso model which
is known to reduce the number of features and to prevent overfitting
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in the model. Lasso denotes as Least Absolute Shrinkage and Selection
Operator (Lasso). When cross validation applied on Lasso it denotes
as LassoCV which has one of the parameter inputs as “cv” to signifies
several folds to be measured while applying cross-validation. LassoCV is
linear regression mode with regularization technique that regularizes the
coefficient estimates towards zero which is an extra information to prevent
overfitting. Study focused on LassoCV performance with best accurate
model for prediction.

4. Performance measurement of Machine Learning Models as Output
Process

The linear relation between the dependent and independent features
is analyzed using the Correlation matrix. In our study, the distance covered
during trip and engine run hours captured during a trip are observed as
the strong correlated parameters with our target fuel consumption feature
(Figure 2).

The Random Forest, Support Vector Machine, XGBoost and LassoCV
regressor models were trained and tested on the proposed real dataset.
Performance measurement of the regression models is evaluated using
Mean Squared Error (MSE), Mean absolute error (MAE), Root Mean
Squared Error (RMSE), and Coefficient of determination(R-Squared)
where MAE denotes the average of difference between the original and
estimated values, MSE denotes the average of squared difference between
the original and estimated values. RMSE (Root Mean Squared Error)
is the error rate by the square root of MSE. R-squared (Coefficient of
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Table 2
Performance Measurement of Models
Model MAE MSE RMSE R’
XGBoost 1.26 2.89 1.7 0.79
LassoCV 0.09 0.01 0.12 0.99
Random Forest 1.31 3.38 1.84 0.75
Support Vector Machine Regressor 1.47 4.94 222 0.64

determination) denotes the coefficient of estimated values compared with
the original values. The percentages signify the value from 0 to 1. Table2
denotes the comparative analysis of the performance of the models. The
higher the value denotes better performance of the model.

LassoCV lead to the best performance model for our study as
compared to the XGBoost, Random Forest and Support Vector Machine
(Table2). LassoCV with k-fold cross validation approach of selecting data
performs better as it evaluates the entire training data and executes a grid
search to find an ideal choice of the regularization strength.

5. Discussion and Conclusion

The study developed Machine Learning models for forecasting trip
wise fuel consumption of Transit Mixer with IoI enabled Construction
equipment real time data . The topmost important features extracted
from ML model are the total distance covered during trip, total engine
run hours and average speed. This study adopted that data and applied
Supervised ML models as Support Vector Machine Regressor (SVR),
Lasso Cross Validation (LassoCV) model and some ensemble methods
with regression as Random Forest, XGBoost for forecasting trip wise fuel
consumption. Amongst these models LassoCV provides the accurate
results for prediction.

Future study would focus to predict the fuel consumption on the
various types of construction equipment and provides the data analysis
which results in making business decisions.
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