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Delivery time refers to the time elapsed from the moment the order is created to the delivery of the product to
the final consumer. It is extremely important to predict the delivery time in order to ensure customer
satisfaction and smooth logistics processes. The aim of this study is to predict the delivery time using Support
Vector Machine (SVM) with and without consecutive look-back and periodic look-back approaches. A sample
dataset obtained from Kaggle was used. Mean Absolute Error (MAE) was utilized to evaluate the performance
of the prediction models. According to the results, the average MAE obtained with the look-back approach
(3.81) was 59.12% lower than that obtained without the look-back approach (9.32).
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1. Introduction

The concept of logistics is an improved expression of the concept of transportation and has become one of the most
important tools in economic development today. The increasing order quantity with the development of the logistics
sector causes irregularities and disruptions in the transportation processes of the supplier companies. With the
increasing demand, it is of great importance to predict the delivery time in order to maintain order within the supplier
company and to prioritize customer satisfaction. With this prediction, the supplier will be able to inform its
customers about the arrival time of their packages and create customer satisfaction by removing uncertainty.

In the last few years, numerous methods have been used for delivery time prediction. [1] applied tree-based models
to generate distributional forecasts by exploiting the complicated relationship between delivery time and relevant
operational predictors. The simulation results showed that the proposed lead-time promise policy could improve
sales volume by 6.1% compared to the current policy. [2] described three novel approaches for delivery time
predictions, combining a machine learning model with human input. Also, they found that the pure machine learning
model delivered better results than a combination of humans and machines. Although the pure machine learning
model delivered superior prediction accuracy than the human-machine combination, the systematic qualitative
analysis of the results presented insights for future development in this area. [3] studied the use of deep learning for
solving a real-world case of last-mile parcel delivery time prediction. They presented the solution under the Internet-
of-Things paradigm and discussed its feasibility in a cloud-based architecture as a smart city application. The authors
thought that the system not only had the potential to improve the user experience by better modeling user
expectations but also to help last-mile mail logistics as a whole. [4] showed the applicability and usefulness of travel
time i.e. delivery time prediction for postal services. They investigated several methods such as Linear Regression
models and tree-based ensembles such as Random Forest, Bagging, and Boosting, that allowed them to predict
delivery time by conducting extensive experiments and considering many usability scenarios. Results revealed that
travel time prediction can help mitigate high delays in postal services. [5] proposed a machine learning approach to
predict ship speed over the ground using the Automatic Identification System and noon-report maritime weather
data. The results showed that the proposed data-driven model has a satisfactory capability to predict the shipping
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speed based on the chosen features. [6] conducted a comprehensive investigation of the state-of-the-art developing
machine learning models for applications to different aspects of International Freight Transportation Management
(IFTM). They gave an overview of various fundamental machine learning methods. Then, how different machine
learning methods were employed, adapted, and applied to a multitude of subject areas in IFTM were discussed,
including demand forecast, operation and asset maintenance, vehicle trajectory, and on-time performance prediction.
To increase transparency on delay, [7] developed a prediction model based on 315 explanatory variables, 10
regression models, and 7 classification models. Using machine learning algorithms, they achieved the best results for
the neural network and support vector machine, with a prediction accuracy of 77% compared to only 59% of a basic
model. Although machine learning algorithms are well suited for solving nonlinear and complex relationships in data
generated by mobile sensors, only a small minority of recent publications have used machine learning for travel time
estimation in multimodal transport. [8] applied the Extremely Randomized Trees, Adaptive Boosting and Support
Vector Regression algorithms to this problem because of their ability to deal with low data volumes and their low
processing times. They used different combinations of features derived from the data and built several models for
travel time prediction. Results showed that their model performed better than average-based methods. [9] tried to
solve the cargo unit discharge time estimation problem of short sea freight transport in collaboration with a European
short-sea freight transport company. They proposed and tested a module-based framework using statistical analysis
for predicting the discharge time. The results showed the potential for improving performance and accuracy. [10]
proposed a novel spatial-temporal sequential neural network model (DeepETA) to take full advantage of the above
factors. DeepETA is an end-to-end network that mainly consists of three parts. Experiments on the real logistic
dataset showed that the proposed approach performed better. [11] aimed to determine whether machine learning and
predictive analytics could improve the estimated time of arrival for a shipment. Using machine learning computing,
they developed a model capable of predicting shipping times by training the algorithms on historical shipment data
and incorporating external sources of data related to the most impactful factors regarding schedule reliability (e.g.
holiday seasons and port congestion levels). Also, they found that machine learning in this instance might be a
partial answer to this problem, as it performed better on long lead time than on short lead time when compared to
more classical approaches.

Although delivery time prediction models have been developed with various machine learning methods in many
different sectors, the lookback approach has not been utilized in the studies so far. For this reason, this study aimed
to develop delivery time prediction models using SVM with look-back approach. A sample data set obtained from
Kaggle was used for developing the predictions models. Firstly, models were generated on the dataset without look-
back approach, then consecutive look-back and periodic look-back approach were used to improve the performance
of the models. The MAE metric was utilized to evaluate the performance of the models.

This paper is structured as follows: Section 2 provides a description of the dataset. Section 3 provides information on
the methodology. Section 4 presents results and discussion. Section 5 concludes the paper.

2. Dataset Generation

The dataset contains 5115 rows of data from February 14", 2019 to June 13", 2020 and includes delivery times and
some other attributes given in Table 1. The dataset was obtained from Kaggle [12]. Categorical variables in the
dataset were converted to numerical values using One-Hot Encoding method. The attributes in the dataset and their
explanations are given in Table 1.

3. Methodology
A. Support Vector Machine

The formulation of the standard SVM is defined as a maximum margin classifier, that is, a classifier whose
decision function is a hyperplane that maximally separates samples from different classes. SVM can also be
used as a regression method, maintaining all the main features that characterize the algorithm (maximal
margin). The SVM for regression uses the same principles as the SVM for classification, with only a few
minor differences. First, because the output is a real number it becomes very difficult to predict the
information at hand, which has infinite possibilities. In the case of regression, a margin of tolerance
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(epsilon/nu) is set in approximation to the SVM which would have already been requested from the problem.
However, the main idea is always the same: to minimize error, individualizing the hyperplane which
maximizes the margin [13].

Table 1. Attributes in the dataset

Attribute Name Definition
Year Year
Month Month of the year
Day Day of the month
Hour Hour of the day
Minute Minute of the hour
Second Second of the minute
PuP Pick up point
DoP Drop off point
Source_country Country from where the product needs to be delivered
Destination_country Country to where the product needs to be delivered
Freight_cost Cost of transportation / kg
Gross_weight Gross weight in kg which needs to be delivered
Delivery_charges Fixed cost per delivery
Delivery_mode Method of delivery
Delivering_company Candidate delivering company
Shipping_time The time that it takes for a product to reach their destination

B. Consecutive Look-back and Periodic Look-back:

These two approaches are algorithmic improvements developed in order to use the historical values of the
target variable to be predicted as new attributes in the training dataset. The consecutive look-back is how
many past values of the target variable will be used as an attribute in the training process of the model. This
process takes this name because it is done consecutively. Periodic look-back is how many of the past values
of the target variable will be added as an attribute to the training data in the specified period. Periodic look-
back has two parameters. The first parameter is the measure of how many times the addition will be made.
The second parameter is a measure of how far back to go from the end of the training data. This process is
done periodically, not consecutively. Although the two approaches work similarly in logic, the general
difference is in how they do the backward operation.

Table 2 and Table 3 show the hyperparameters of the models that were developed with and without consecutive
look-back and periodic look-back approach.

The explanations of the hyperparameters in Table 2 and Table 3 are given below:

- In regression problems, a margin of tolerance is set in approximation to the SVM. There are two different
options for this; 'Epsilon' and 'Nu'.

- Kernel function specifies the kernel type to be used in the algorithm. There are 4 kernel functions namely
‘linear’, “poly’, ‘rbf” and “sigmoid’.

- C s the penalty parameter of the error term.

- There are three gamma types which are scale, auto and value. If the gamma type is selected as 'scale’, the
gamma value is going to be “1 / (number of attributes* standard variation of input)”. If the gamma type is
selected as ‘auto’, the gamma value is going to be “1 / number of attributes”. If the gamma type is selected as
‘value’, the gamma value is going to be accepted as the entered value.

- Degree variable is used only when the kernel function 'poly’ is selected. Ignored when other kernel functions
are used.

- Coef0 is an independent term in kernel function. It is only significant for ‘poly’ and ‘sigmoid’.
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Table 2. The hyperparameters of the models without look-back approach.
Model Amount of Consecutive Periodic Type of . .
No Training Data Lookback Lookback SUM Kernel Function Epsilon/Nu C Gamma Degree Coef()
1 100% - - Epsilon Polynomial 9*10t 2% Auto 3
2 95% - - Epsilon RBF 9*10? 2t Auto
3 65% - - Epsilon Polynomial 1*10° 25 Auto 1 0
4 65% - - Epsilon Sigmoid 3*10 22 Scale - 0
5 70% - - Epsilon RBF 9*10? 23 Auto
6 70% - - Nu RBF 1*101 22 Scale -
7 100% - - Epsilon Polynomial 7*107 24 Scale 2 0
8 75% - - Epsilon Polynomial 1*10° 21 Scale 3 0
Value
9 85% - - Nu Polynomial 9*107? 21 3 0
@4
Value
10 90% - - Nu Sigmoid 5*102 25 - 1
(29)
Table 3. The hyperparameters of the models with look-back approach.
Amount of Consecutive Periodic Type of . .
Fold No Training Data Lookback Lookback SYM Kernel Function Epsilon/Nu C Gamma Degree Coef()
1 100% 5 1-5 Epsilon Polynomial 1*107? 22 Auto 2 1
2 95% 5 2-5 Nu Polynomial 5*10t 2t Auto 2 1
3 85% 5 2-5 Epsilon RBF 1*107? 23 Auto - -
4 100% 5 2-5 Epsilon RBF 3*107 22 Auto - -
Value

5 70% 5 3-5 Epsilon Polynomial 3*1072 23 2 0
)

6 85% 5 2-5 Epsilon Linear 5*102 22 - - ~
Value

7 70% 5 2-5 Nu RBF 8*10* 21 - _
(29

8 95% 5 2-10 Epsilon Polynomial 7*1072 21 Auto 3 0
Value

9 70% 5 2-5 Epsilon RBF 3%1072 21 - )
@*)

10 90% 5 55 Nu Linear 6*107? 25 - - R

4. Results and Discussion

For delivery time prediction, models with and without consecutive look-back and periodic look-back approach were
developed with SVM. 10 different models were created. (i.e. For creating the 1% model, the first 500 rows of the data
set were used as the test set and the remaining data was used as the training set. For the 2" model, rows 500 through
999 were used as the test set and the remaining data was used as the training set. This process was repeated 10 times
and models were created). MAE was utilized to evaluate the performance of the models.

Table 2 shows the MAE's of the models with and without look-back approach.

36



International Joint Conference on Engineering, Science and Artificial Intelligence-lIJCESAI 2022

Table 2. MAE's of the models with and without look-back approach.

Model Without look-back With look-back

No approach approach
1 7.89 2.55

2 7.26 2.68

3 7.12 2.62

4 11 2.64

5 7.64 2.82

6 7.86 3.81

7 7.24 2.92

8 7.93 3.75

9 7.36 4.55
10 21.88 9.77

- When the results of delivery time prediction models with the look-back approach are examined, the
lowest MAE (2.55) has been observed in the 1% model and the highest MAE (9.77) has been observed in
the 10" model.

- When the results of delivery time predictions models without the look-back approach are examined the
lowest MAE (7.12) has been observed in 3" model and the highest MAE (21.88) has been observed in
the 10" model.

- When all results are compared it was observed that using the look-back approach significantly reduced
the MAE's of the models.

- The MAE's of the models created without the look-back approach were decreased by 67.68%, 63.09%,
63.2%, 76%, 63.09%, 51.53%, 59.67%, 52.71%, 38.18%, and 55.35%, respectively, after applying the
look-back approach.

- According to the results, the average MAE obtained with the look-back approach (3.81) was 59.12%
lower than that obtained without the look-back approach (9.32).

5. Conclusion

In this study, delivery time prediction models were developed by using with and without look-back approach. A
sample data set obtained from Kaggle was used for the predictions generated using SVM. Firstly, models were
generated on the dataset without look-back approach, then consecutive look-back and periodic look-back approach
were used to improve the performance of the models. MAE was used to evaluate the performance of the folds.
According to the results, the MAE obtained with the look-back approach (3.81) was 59.12% lower than that obtained
without the look-back approach (9.32). The results showed that using the look-back approach significantly reduced
the MAE's of the models.
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