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Intfroduction

MOTIVATION
Transportation Trucking Forecasting
$1.5 trillion spent in 2015 on Lifeblood of the US Transportation budget planning
logistics and transportation economy
8% of US GDP Economics order quantity
Earned $726.4 billion
Up to 50% of total logistics revenue in 2015
costs are transportation cost Inventory replenishment
Emphasize on lean Represents 81.5% of US
production and inventory freight transportation Facility location
minimization revenue
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Infroduction
OBIJECTIVE & SCOPE

» Objective:
- To develop a forecasting model that predicts both contract and spot rates for dry van on
individual lanes for the next seven days

> Scope:
- One high-volume truckload (TL) lane as a sample lane for forecasts

» Contract vs Spot market:
- Contract: stability for shippers, less flexibility
- Spot: more flexibility, higher rate volatility
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Trends in truck rate forecasting research

Approximated TL: distance
» Contract rates more frequently rate function LTL: distance
studied than spot rates weight

» Methodology evolvement
Market-

Regression

based method Lane-specific variable:

Origin/destination
Tender rejection
Economics of scale
Freight class

Machine
learning Not often used in trucking

Except Budak, et al. (2017)
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Research Gaps

» Most studies using linear regression methods
» Spot market rates have been less studied

» No study considering interactions between spot and contract rates, between rates for a
particular lane and its adjacent routes, or between rates and volumes.
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Methodology

Neural Network

input layer
hidden layer 1 hidden layer 2

Time Series Models
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* NAR: Nonlinear
autoregressive (NAR)

* NARX: Nonlinear
autoregressive with
exogenous inputs

* ARIMA: Autoregressive
integrated moving
average

When to update model
with new information
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Methodology

FORECASTING MODELS: NEURAL NETWORK & ARIMA

Model Structure Neural Network Advantage

> NAR & NARX models > Ability to find complex and nonlinear
- Hybrid of neural network and time series models associations between the parameters

y(t+1) = f[y(t), ...y(t —d, + 1);u(t),u(t —1),.u(t—d, + 1)]

u(t) is exogenous input; dy and du are memory delays

» Higher tolerance for errors, robust to noise

> ARIMA model »  Less concerned with multicollinearity issue

Yi=¢o+ ¢y ++ Yo p tar+ 6010, 4 + -+ 60,4 L . .
» No need for error distribution assumption
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Methodology

MODEL UPDATE WITH NEW INFORMATION
1:312 (TAraining & Validation)
[ |

Scenario 1: ( I |
No model update
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Update using

cumulative data 313:319 320:326
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Methodology

INPUT DECISION VARIABLES ANALYSIS

Autocorrelation and cross-correlations between GA_Cto FL_C

contract rates and other variables

CAI [
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[Contract,
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Autocorrelation and cross-correlations between GA_Cto FL_C

spot rates and other variables

[Spot,
Contractl
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Results and discussions
NAR RESULTS FOR SPOT RATES

MSE for the validation set with different numbers of
hidden nodes (Nh) (dy=7)

NAR model results for spot rates with different feedback delays (dy)

Feedback delays (d,) | Hidden nodes (N, MSE for validation set

0: .I.I.I.l.l.I.I.lal.I.I.l.l.I.I.l.l.l.l.l.l.l.l i L I.l.l.l.l.l.:
: 8 2
08 s ] 5 0.543
2 07 1 2 0.527
_ 3 0.526
22 | ™~ 4 0.539
| 2 0.558
2 0544
123456 7 8 91011121314 151617 1819 20
No of hidden nodes The same model for each du and Nh is run 10 times to get stable
results. MSEs are the average values of 10 runs.
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Results and discussions
NARX RESULTS FOR SPOT RATES WITH CONTRACT RATES AS INPUTS

Input delays (d,) Hidden nodes (N},) MSE for validation set
6
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Note: dy=7. The same model for each du and Nh is run 10 times to get stable results. MSEs are
the average values of 10 runs.
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Results and discussions
MODEL UPDATE WITH NEW INFORMATION FOR SPOT RATES

e Updated models do not MSE reductions by updating models with new information for spot rates
perform better than the
original model in most cases.

Error reduction from new rolling window model

80% A

Error reduction from new cumulative model

» Reason: parameters (numbers 40%

of hidden nodes and feedback
delays) trained in the original
model not stable due to high
level of volatility and noise in 0% |
the original data

0%

-40% A

% MSE reduction

-120%
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Results and discussions
NAR AND NARX RESULTS FOR CONTRACT RATES

Input variables Input delay | Hidden nodes | MSE for validation
(dy) (Np) set
7 3

envone SR T T R

Note: Feedback delay (dy) is set to 7 for all cases. CR stands for spot rates, SR for spot rates,
GA_C|FL_S for contract rates on GA_C|FL_S. The same model for each du and Nh is run 10 times to
get stable results. MSEs are the averaged values of 10 runs.
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Results and discussions
MODEL UPDATE WITH NEW INFORMATION FOR CONTRACT RATES

. Updated model pe-'rforms MSE reductions by updating models with new information for contract rates
better than the original model
from 3-period ahead onwards 50%
Error reduction from new rolling window model

40% -
30% -
20% A
10% - //\
0% N— : . . .

-10% 1
-20%
-30% 7 Period ahead
-40% A
-50%

Error reduction from new cumulative model

» Rolling window model
performs better than the
cumulative model

% MSE reduction
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Results and discussions
RMSE COMPARISON BETWEEN NAR(X) AND ARIMA

RMSE for 7 days

NAR(X) NAR with d,,=7 -~ 056511 -

ARIMA ARIMA (6,0,2) - 060167 -

% Difference 6%

NAR(X) NARX with d,,=7, d,,=7 : 0.03286 -

Contract ARIMA ARIMA (7,0,1) . 0.03082 -
— Pt

Note: % Difference is calculated as (RMSENAR(X)- RMSEARIMA)/RMSEARIMA , as a way to measure

relative performance of two types of models.
B MIT Center for
Transportation & Logistics
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Conclusion
KEY FINDINGS

Spot rate: NAR ¢f|vs ARIMA | €| Contract rate: NAR o/ vs ARIMA |/

Spot rate: Additional information, such as past values of contract rates
Model update with new information does not improve forecasting accuracy

Contract rate: Adding volume, rates on adjacent routes,
retraining of the model increases the model’s performance

Much higher accuracy and less forecasting variability for contract than spot rates

[=] [=] [ ] [

No short-term information transmission between spot and contract rates
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Conclusion
CONTRIBUTION

E Aid supply chain decision making

* Transportation budget planning
* Economics order quantity

* Vehicle routing

* Facility location

E Forecasting guideline for practitioners

* how to select input variables

* what model to use

* when to update model with new information
* what forecasting error expected from model
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Thank You!
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