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1
MACHINE LEARNING-BASED PREDICTION
OF EQUIPMENT ARRIVAL TIMES IN A
RAILROAD NETWORK

BACKGROUND
Field

The technology disclosed relates to artificial intelligence
type computers and digital data processing systems and
corresponding data processing methods and products for
emulation of intelligence (i.e., knowledge-based systems,
reasoning systems, and knowledge acquisition systems); and
includes systems for reasoning with uncertainty (e.g., fuzzy
logic systems), adaptive systems, machine learning systems,
and artificial neural networks. In particular, the technology
disclosed relates machine learning-based tracking of rail-
road equipment.

Description of Related Art

Railroads play an important role in commerce and busi-
ness activities in a country. Farms, factories, ports, refiner-
ies, supermarkets and many other businesses rely on freight
trains for cost effective transportation of raw materials and
finished goods. Businesses need reliable estimates for depar-
ture and delivery of goods at desired destinations. Railroads
provide estimated time of arrival (or ETA) of goods at the
destination when goods are shipped from an origin location.
However, the actual ETAs often vary from the planned ETAs
by several days. Incorrect ETAs can cause huge loss to
businesses in their operations and may also cause loss of
goods when the cargo comprises perishable items. Railroads
often provide ETAs based on their internal performance
metrics. However, these ETAs are not regularly updated
based on various events that occur during the trip of the
equipment that are carrying the goods.

It is desirable to provide a system that can reliably predict
the estimated time of arrival of goods at the destination
location.

SUMMARY

A method for predicting an estimated time of arrival
(ETA) for an equipment at a destination location or an
interchange point via a railroad is disclosed. The method
includes inputting to a trained machine learning model
shipment data that includes a starting (or a current) location,
the destination location and at least one event data generated
in response to an event during a trip of the equipment via the
railroad from the starting location to the destination location.
The machine learning model can be trained using a plurality
of historical shipment route data. A particular historical
shipment route data in the plurality of historical shipment
route data can comprise at least a location and a correspond-
ing timestamp in the particular historical shipment route
from a particular starting location to a particular destination
location The method includes predicting, using the trained
machine learning model, the ETA of the equipment at the
destination location.

The historical shipment route data can include data related
to previous trips of equipment between various starting (or
origin) and destination locations. The data can include
location identifiers or locations names and corresponding
timestamps at which the equipment reached a particular
location or passed through a particular location. The tech-
nology disclosed includes logic to calculate the trip times

10

15

20

25

30

35

40

45

50

55

60

65

2

data i.e., the duration of trips between various starting and
destination locations. Other types of data related to historical
shipment route data can be calculated from data received
from railroads. Examples of such data include congestion
data, seasonality data, etc. Such data can be used to train the
machine learning model for predicting the ETA to any
location in the trip of the equipment.

The event can identify at least one of a location arrival
event, a location departure event and a location update
event. A location can be a junction or an interchange or any
other location along the trip route of the equipment. A
location update event can indicate movement of the equip-
ment at a location or in proximity to a location. The location
can be referred to by respective geographical coordinates
such as latitude and longitude values. The location may also
be referred to by respective name or an identifier such as a
junction name, interchange name, single point location code
(SPLC), etc.

In one implementation, the method includes inputting to
the trained machine learning model an equipment type data
indicating a type of the equipment moving a cargo from the
starting location to the destination location. The equipment
type can identify at least one of an intermodal container, a
railcar, a tank car, a box car, a refrigerated boxcar, a covered
hopper, an open-top hopper, a grain container, an autorack,
a centerbeam, a coil car, a flatcar, a gandola and a well car.

The destination location can be at least one of a second
last location, a last location or an intermediate location in the
trip route of the equipment comprising a plurality of loca-
tions. A location in the plurality of locations in the trip route
of the equipment can be an interchange point or a junction.
An interchange or a junction is a location where one railroad
connects with one or more other railroads. The technology
disclosed includes logic to predict, using the trained
machine learning model, an estimated time of arrival (or
ETA) at any location along the trip route from any starting
location along the trip route of the equipment. In some cases,
the second last location along the trip route can be the last
junction at which the class one railroad hands over the
equipment to the shortline for transporting the equipment to
the destination. In such cases, the estimated time to arrival
at this junction can also be referred to as an estimated time
to interchange (or ETI).

In one implementation, the method includes predicting an
updated estimated time of arrival (ETA) of the equipment at
a location (such as a destination or a junction) by inputting,
to the trained machine learning model, at least one new
event data, generated in response to a new event during the
trip of the equipment from the starting location to the
destination location. The new event can be at least one of an
arrival event indicating arrival of the equipment at a location
(such as an in-transit railroad location), a departure event
indicating departure of the equipment from the location
(such as an in-transit railroad location), a delay or a hold
event indicating the delay of the equipment at a location
(such as an in-transit railroad location), a junction delivery
event indicating delivery of the equipment from one railroad
to another railroad, a junction receipt event indicating
receipt of the equipment by one railroad from another
railroad, a storage event indicating storage of the equipment
and a location update event indicating movement of the
equipment.

The event data can comprise at least a time, a date and a
location of the event.

The trained machine learning model can predict an ETA
of the equipment at any location along the trip route of the
equipment using any event generated by the railroad when
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the equipment is moving or dwelling during the trip. The
event data including the timestamp (including the day and/or
the time of the day) and location can be provided as input to
the trained machine learning model to predict the ETA at any
other location along the trip route of the equipment.

In one implementation, the method includes inputting to
the trained machine learning model, at least one event data
generated in response to a scheduling event during the trip
of the equipment. The historical trip times data used to train
the machine learning model can further include a plurality of
historical schedule data, a particular historical schedule data
comprises at least one event data generated in response to
the scheduling event.

The scheduling event can include at least one of a train
switches event indicating the switching of the equipment
from one railroad to another railroad, a crew changes event
indicating changes of the crew during the trip of the equip-
ment, a work order event indicating part replacement or
inspection of the equipment, a pickup event indicating
adding of the equipment to the train and a setout event
indicating removal of the equipment from the train.

The new event can be at least one of a junction-level
congestion event indicating delay to movement of the equip-
ment at a junction and a track-level congestion event indi-
cating delay to movement of the equipment at a particular
portion of the railroad during the trip from the starting
location to the destination location.

Determination of the junction-level congestion can fur-
ther include the following operations. The method includes
determining a number of trains that are scheduled (or
otherwise predicted) on at least one junction in the railroad
during a specified future time interval. The method includes
calculating, using the determined number of trains, an
average and/or a maximum amount of junction congestion
along a lane for a particular waybill.

The particular waybill can further include an identifier of
at least one junction, an identifier of at least one class one
railroad and an identifier of at least one last mile track (or
shortline railroad).

Determination of the track-level congestion can further
include the following operations. The method includes
determining a number of trains that are scheduled (or
otherwise predicted) on at least one location in the railroad
during a specified future time interval. The method includes
calculating, using the determined number of trains, an
average and/or a maximum amount of track-level congestion
along a lane for a particular waybill.

In one implementation, the method includes inputting to
the trained machine learning model a length of a train for
predicting the ETA. The length of the train is determined by
a number of equipment in the train such as a number or
railcars and/or a number of intermodal containers, etc.

In one implementation, the method includes inputting to
the trained machine learning model a Boolean flag indicat-
ing whether the equipment is loaded with cargo or if it is an
empty trip with no cargo in the equipment.

In one implementation, the method includes inputting to
the trained machine learning model a commodity type
wherein the commodity type indicates a type of cargo being
transported by the equipment.

In one implementation, the method includes inputting to
the trained machine learning model a seasonality data asso-
ciated with at least one of the location (or junction) departure
event and/or the location (or junction) arrival event. The
seasonality data can comprise at least one of a time of a day,
a day of a week, a month of a year and a Boolean for
indicating a higher-than-average traffic at the location. The
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location can be a junction or an interchange or any other
location along with trip route of the equipment.

A system including one or more processors coupled to
memory is provided. The memory is loaded with computer
instructions to predict an estimated time of arrival (ETA) for
an equipment at a destination location via a railroad. The
instructions, when executed on the one or more processors,
implement operations presented in the method described
above. Each of the features discussed in this section for the
method implementation apply equally to this system imple-
mentation. As indicated above, all the system features are
not repeated here and should be considered repeated by
reference.

Each of the features discussed in this section for the first
method implementation apply equally to the second method
implementation. As indicated above, all the features of the
first method implementation are not repeated here and
should be considered repeated by reference.

A second method of predicting an estimated time of
arrival for an equipment via a railroad is disclosed. The
method includes inputting to a trained machine learning
model a starting location, a destination location, at least one
event data generated in response to an event during a trip of
the equipment via the railroad from the starting location to
the destination location. The method includes inputting an
equipment type data to the machine learning model, The
equipment type data indicates a type of the equipment
moving a cargo from the starting location to the destination
location. The machine learning model can be trained using
a plurality of historical shipment route data. A particular
historical shipment route data in the plurality of historical
shipment route data comprises at least a location and a
corresponding timestamp in the particular historical ship-
ment route from a particular starting location to a particular
destination location. The method includes predicting, using
the trained machine learning model, the estimated time of
arrival of the equipment at the destination location.

The particular historical shipment route data in the plu-
rality of historical shipment route data can match at least a
portion (or a segment) of the trip of the equipment from the
starting location to the destination location.

Each of the features discussed in this section for the first
method implementation apply equally to the second method
implementation. As indicated above, all the features of the
first method implementation are not repeated here and
should be considered repeated by reference.

A third method is provided for predicting an estimated
time of arrival at the interchange or estimated time to
interchange (ETI) for an equipment at a destination location
via a railroad. The ETI is predicted for a last interchange
along the trip route before the equipment is handed over
from class one railroad to a shortline. This interchange can
be the second last interchange or junction in the trip route of
the equipment. The method includes inputting to a trained
machine learning model a starting location, the destination
location prior to the shortline and at least one event data. The
event data can be generated in response to an event during
a trip of the equipment via the railroad from the starting
location to the destination location. The machine learning
model can be trained using a plurality of historical shipment
route data. A particular historical shipment route data in the
plurality of historical shipment route data can comprise at
least a location and a corresponding timestamp in the
particular historical shipment route from a particular starting
location to a particular destination location. The method
includes predicting, using the trained machine learning
model, the estimated time of arrival of the equipment at the
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destination location. Each of the features discussed in this
section for the first method implementation apply equally to
this method implementation. As indicated above, all the
features of the first method implementation are not repeated
here and should be considered repeated by reference.

Another system including one or more processors coupled
to memory is provided. The memory is loaded with com-
puter instructions to predict an estimated time to interchange
(ETI) for an equipment at a destination location (such as an
interchange or a junction) via a railroad. The instructions,
when executed on the one or more processors, implement
operations presented in the method described above. Each of
the features discussed in this section for the first method
implementation apply equally to this system implementa-
tion. As indicated above, all the features of the first method
implementation are not repeated here and should be consid-
ered repeated by reference.

Computer program products which can execute the meth-
ods presented above are also described herein (e.g., a
non-transitory computer-readable recording medium having
a program recorded thereon, wherein, when the program is
executed by one or more processors the one or more
processors can perform the methods and operations
described above).

Other aspects and advantages of the present invention can
be seen on review of the drawings, the detailed description
and the claims, which follow.

BRIEF DESCRIPTION OF THE DRAWINGS

FIG. 1A illustrates an example architectural-level sche-
matic of a system that uses a trained machine learning model
to predict, for a railroad equipment, an estimated time of
arrival (ETA) and an estimated time to interchange (ETI).

FIG. 1B presents examples of various types of railroad
equipment that can be used to transport goods to a destina-
tion location.

FIG. 1C presents examples of trips of equipment com-
prising starting locations and destination locations.

FIG. 2A presents examples of various types of data for
example data categories to predict ETA and ETT for railroad
equipment.

FIG. 2B presents examples of railroad data that can be
used for predicting ETA and ETI for railroad equipment.

FIG. 2C presents examples of various types of calculated
data that can be used for predicting ETA and ET1I for railroad
equipment.

FIG. 3A presents example railroad data and calculated
data that can be used for predicting ETA and ET1I for railroad
equipment.

FIG. 3B presents example lane history data that can be
used for predicting ETA and ETI for railroad equipment.

FIG. 3C presents examples of railroad track repair dis-
ruptions data that can be used for predicting ETA and ETI for
railroad equipment.

FIG. 3D presents examples of calculated junction-level
congestion data that can be used for predicting ETA and ETI
for railroad equipment.

FIG. 3E presents examples of calculated track-level con-
gestion data that can be used for predicting ETA and ETI for
railroad equipment.

FIG. 3F presents examples of raw event data received
from railroad companies.

FIG. 3G presents examples of location data determined
from raw event data of FIG. 3F.

FIG. 3H presents examples of Waybill data determined
from raw data of FIG. 3F.
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FIG. 31 presents an example raw event data using the data
presented in FIGS. 3F to 3H.

FIG. 4 illustrates training of a machine learning model
that can be used for predicting ETA and ETI for railroad
equipment.

FIG.5 is a computer hardware arrangement configured for
hosting the machine learning-based ETA/ETI prediction
engine of FIG. 1A.

DETAILED DESCRIPTION

The following description is presented to enable any
person skilled in the art to make and use the invention, and
is provided in the context of a particular application and its
requirements. Various modifications to the disclosed
embodiments will be readily apparent to those skilled in the
art, and the general principles defined herein may be applied
to other embodiments and applications without departing
from the spirit and scope of the present invention. Thus, the
present invention is not intended to be limited to the embodi-
ments shown but is to be accorded the widest scope con-
sistent with the principles and features disclosed herein.
Introduction

Railroads can be considered an economic backbone of a
country. Freight railroads transport around forty percent of
all freight volume across the United States which is more
than any other mode of transportation. Similarly, seventy
percent of intercity surface freight and around half of
Canada’s export goods are transported by railroad. Efficient
transportation of goods via railroads is desirable for growth
and development of a modern economy as it provides a
relatively cheap mode for transporting goods to and from
ports to various inland destinations. Due to various factors,
the freight transported by a railroad may be delayed or
incorrectly routed. This can cause huge economic losses to
freight owners, industries, farmers, railroad companies, etc.

A railroad can be considered as a system of tracks with
trains, organization and personnel required for its working.
A train can comprise one or more locomotives (also referred
to as engines) and one or more equipment attached to the
engine. A freight train can have a variety of car types such
as railcars, grain cars, oil tanks, intermodal containers, etc.
A modal type (or equipment type) defines the type of
equipment that is carrying the freight on a railcar. For
example, an intermodal container is one type of equipment
that can be placed on a railcar for transporting goods. The
intermodal containers can be transported via other modes of
transportation as well such as ships or trucks, etc. A tank car
is another type of equipment that can be used to transport
liquid goods (oil, liquefied gas, chemicals, etc.). A tank car,
however, only operates on a railroad track. A grain car is
used to transport grain (such as wheat, corn, etc.).

Railroad companies generate a waybill document when
transporting freight from an origin (or source) location to a
destination location. The waybill includes standard (or
single) point location codes (or SPLCs) for all physical
stations including the origin location along the way to the
destination location of the equipment. The waybill can also
include an estimated arrival date for the equipment at the
destination location. However, in many instances, the actual
arrival date of the equipment at the destination location is
several days later than the estimated date of arrival. In some
cases, the equipment gets routed to an incorrect location
from one of the intermediate junctions.

A junction (or an interchange) is a location on a railway
track at which track crossings take place. The routing
through a junction can be controlled by signals and inter-
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locking. A junction or an interchange may connect two or
more different railroads. In this case, the equipment may be
handed over from one railroad to another railroad. In some
cases, equipment can sit idle (referred to as dwelling) at a
junction for a longer period of time than planned in the
initial trip plan provided by the waybill. Dwelling may lead
to extra cost for the freight owner or shipper (or consignee)
for the equipment. This may be due to late return of the
equipment to the railroad after emptying the goods at the
destination and/or due to late arrival of goods at the desti-
nation. In some cases, the goods in the equipment can
comprise perishable items that may go to waste if the
equipment does not reach its destination within a desired
period of time. While the equipment is dwelling at a junction
or moving towards an incorrect destination, the shipper (or
consignee) may not get any information about the location
and/or the status of the goods and/or the equipment until it
reaches an incorrect destination or sits idle for a long period
of'time. This can usually be many days beyond the estimated
time of arrival or arrival date of the equipment at the
destination location. The estimated time of arrival (ETA)
provided by railroad companies is often off by several days
from the actual arrival date of the equipment at the desti-
nation stations, i.e., the equipment arrives several days later
than the ETA provided in the waybill.

There are various reasons for such a large disparity
between estimated ETA provided and the actual arrival date
of the equipment. One of the reasons for incorrect ETAs is
due to the static nature of waybill document provided by
railroad companies. The ETA provided in the waybill may
not be updated during the trip (or journey) of the equipment
as the equipment faces delays due to various reasons. In
some cases, the ETA provided in the waybill may be updated
only once or twice during the trip of the equipment. The
railroad companies provide ETAs based on their internal
performance metrics and may add additional time to the
estimated time for an equipment to travel from an origin
location to a destination location. This is to allow equipment
to arrive at the destination location before the ETA provided
by the railroad company even if there are delays during the
journey. However, this method of determining an ETA may
provide incorrect results. Therefore, systems and methods to
track railroad equipment are desired that can provide an
accurate status of the equipment to the shipper during the
trip. Additionally, it is desired that such systems and meth-
ods update the estimated time of arrival (ETA) of the
equipment based on the current status and/or location of the
equipment on the railroad track.

Trained machine learning models are disclosed herein to
predict the estimated time of arrival (ETA) for an equipment
that is orders of magnitude better than the estimated ETA
provided by railroad companies. The technology disclosed
gathers data from a wide variety of sources for predicting
ETA for an equipment. Additionally, the technology dis-
closed also predicts an estimated time of arrival of the
equipment at the final junction (ETT) prior to the destination
location. The waybill document does not provide ET1 for the
equipment. The equipment is usually transported from the
last junction to the destination location via a shortline
railroad. At the last junction a class one (or Class 1) railroad
hands over the equipment to the shortline railroad that takes
the equipment to the destination location where it is handed
over to the consignee. A class one railroad is a large railroad
company that operates freight trains on a national railroad
network. The shortline railroad (also referred to as last mile)
is a small or mid-sized railroad company that operates on
relatively short distances relative to the larger national
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railroad networks. The ETI information is useful for short-
lines as in most cases, they need to take the delivery of the
equipment from class one railroad at the last junction. The
consignee needs to send a crew at the destination to take the
delivery of the equipment from the shortline railroad. With
accurate ETT predictions, the technology disclosed can save
time and resources of the consignee and shortlines. In some
cases, the equipment can reach the last junction, but the
consignee is not informed in a timely manner, this can cause
the equipment to dwell at the destination and can cause loss
of revenue to the consignees. The technology disclosed
addresses the above-mentioned challenges by predicting the
ETT for the equipment. The trained machine learning model
allows the users (including the consignees, railroads, etc.) to
predict estimated time of arrival (ETA) at any location along
the trip route of the equipment from any other location along
the trip route of the equipment. The starting location can be
the origin station or origin junction, or it can represent a
current location of the equipment along the trip route of the
equipment.

Tree-based machine learning models such as gradient
boosted tree and random forest are used for predicting ETA
and ETI. Other types of machine learning models such as
support vector regression and linear regression can also be
used for predicting ETA and ETI. The technology disclosed
gathers data from various sources for providing as input to
the machine learning models. For example, data from the
waybill is extracted for generating input to the machine
learning models. Public and private data provided by various
class one railroads are also used as input to machine learning
models. Such data can include equipment event stream data
such as 322 transactions for intermodal container movement
on railroads and car location message (CLM) to track
movement of railcars. The technology disclosed can also use
data from various scheduling events related to the equipment
or the trains. For example, train switches, crew changes,
pickups and setouts, work orders, embargoes, track repairs,
etc. Train switches indicate transfer of the equipment from
one train to another train. Crew changes indicate change of
crews on the train transporting the equipment. Pickups and
setouts indicate adding or removing of equipment (i.e.,
railcars, tank cars, grain cars, etc.) from the train. The
technology disclosed provides route related data such as lane
data (extracted from the waybill) indicating junctions, class
one railroads and last mile data (i.e., shortline journey) as
input to the machine learning model for predicting ETA and
ETI. The technology disclosed provides train level data such
as train length and/or locomotive type to the machine
learning models for predicting ETA and ETI. The length of
a train can be represented as either in number of railcars (or
other types of equipment) attached to the locomotive or as
physical length of the train such as number of feet, etc. The
technology disclosed also uses waybill data as input to the
machine learning models for predicting ETA and ETI. The
waybill data indicates whether the equipment is empty or
loaded.

Various types of congestion are calculated along the route
of the equipment from the origin location to the destination
location. For example, the technology disclosed can deter-
mine track-level congestion and junction-level congestion.
This congestion data is provided as input to the machine
learning model for predicting the ETA and ETI. The tech-
nology disclosed provides seasonality data as input to the
machine learning model for predicting ETA and ETI. Sea-
sonality data indicates busy hours or off hours at the time of
arrival at the junction or departure from the junction.
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Commodity type data can also be provided as input to the
machine learning model to predict ETA and ETI. The
commodity type data indicates details of the cargo that is
being transported in an equipment. The commodity type data
can have an influence on the ETA and ETI as railroads assign
different priorities to different types of cargo and/or com-
modities.

Events are generated as the train sends signals at various
points along the journey. Events can be generated on train as
well as on other locations along the track such as when the
train passes certain points or when work orders are gener-
ated for a train, etc. The event data generated during the
journey of the equipment from the origin location to the
destination location is also referred to as time series data.
The event-based data generated during the trip of the equip-
ment is ingested, cleaned and prepared for providing as input
to one or more machine learning models for predicting an
up-to-date ETA and ETT for the equipment.

A variety of machine learning models can be trained and
used for predicting ETA and ETI. For example, gradient
boosted trees, random forest, support vector regression,
linear regression, lasso regression, ridge regression, elastic
net regression, Principal Component Analysis (PCA) and
statistical analysis have been used by the technology dis-
closed for predicting ETAs and ETIs.

Gradient boosted trees or gradient boosted decision trees
(XGBoost) is a machine learning ensemble technique that
combines the predictions of multiple weak learners (or
simple models), sequentially. The simple models or weak
learners are usually decision trees. XGBoost attempts to
improve the overall predictive performance by optimizing a
model’s weights based on the errors of previous iterations,
gradually reducing prediction errors and enhancing the
prediction accuracy. The technology disclosed trained a
number of XGBoost models by systematically selecting
different values of hyperparameters. A tree depth in the
range of four to eight is used. Shorter trees with a depth in
the range of four to eight are preferred for better perfor-
mance of the model. Trained XGBoost models are used for
predicting ETA and ETIL.

System Overview

A system and various implementations of the technology
to predict ETA and ET1 is described with reference to FIGS.
1A-5.

FIG. 1A illustrates an example architectural-level sche-
matic of a system that uses a trained machine learning model
to predict, for a railroad equipment, an estimated time of
arrival (ETA) and an estimated time to interchange (ETI).
Because FIG. 1A is an architectural diagram, certain details
are omitted to improve the clarity of the description. The
discussion of FIG. 1A is organized as follows. First, the
elements of the system are described, followed by their
interconnections. Then, the use of the elements in the system
is described in greater detail.

Freight trains play an important role in the economy by
transporting a large amount of goods at a relatively reason-
able transportation cost. However, current railroads are not
highly predictable in their estimates of transportation times
of these goods from origin to destination. This unpredict-
ability in estimated times provided by railroads causes
economic and productivity loss. FIG. 1A presents a system
that can be used to improve the predictability of estimated
times of arrivals of freight trains at their destinations.

This paragraph names labeled parts of the system pre-
sented in FIG. 1A. The system includes a machine learning-
based ETA/ETI prediction engine 130. The prediction
engine 130 is connected via network(s) 181 to more than one
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railroad management systems 120a to 1207%. Signals from
sensors attached to various types of equipment in a train 100
can be received by the prediction engine 130 via a combi-
nation of wireless communication network(s) 110 and net-
work(s) 181. A training database 150 is accessible via the
network(s) 181. The training database can store labeled
training data that can be used to train an ETA/ETI prediction
model 140. A calculated data database 160 is also accessible
to the machine learning-based ETA/ETI prediction engine
130 via the network(s) 181. The machine learning-based
ETA/ETI prediction engine 130 comprises a plurality of data
processors 131 including a railroad data processor 132, a
telematics data processor 136 and a calculated data proces-
sor 134. The machine learning-based ETA/ETI prediction
engine 130 can include a plurality of trained ETA/ETI
prediction models 140. Further details of the components of
the machine learning-based ETA/ETI prediction engine are
described below.

The machine learning-based ETA/ETI prediction engine
130 comprises of a trained ETA/ETI prediction model 140
that can be fed cleansed and formatted input data by a data
preparer 138. The inputs 139 to the ETA/ETI prediction
model 140 can comprise various types of data. For example,
railroad data received from various railroad companies can
be provided as input to the ETA/ETTI prediction model 140.
A railroad data processor 132 can include logic to parse and
organize the railroad data for providing as input to the
ETA/ETI prediction model 140. Data received from sensors
attached to railroad equipment in a train 100 can be pro-
cessed by a telematics data processor 136 for inputting to the
ETA/ETI prediction model 140. A calculated data processor
134 includes logic to calculate various types of data such as
track-level congestion and junction-level congestion, etc.
The calculated data is then provided as input to the ETA/ETI
prediction model for predicting ETA and/or ETI for a given
equipment. The prediction engine 130 can include additional
data processors to process data from other sources for input
to the machine learning models. It is understood that the
machine learning-based ETA/ETI prediction engine can
comprise multiple prediction models. Separate machine
learning models can be trained for predicting ETA and ETI
for an equipment. A model can be selected based on the
requirements of the user for predicting a particular estimate
type (i.e., ETA or ETI). The trained machine learning model
140 outputs a predicted ETA or ETI for the equipment for
which the inputs are provided to the model.

The machine learning-based ETA/ETI prediction engine
130 can receive railroad data from more than one railroad
management systems 120a to 120n. The railroad data pro-
cessor 132 includes logic to receive data from railroads and
parse the received data to extract desired information regard-
ing the equipment. The railroads generate a waybill for
freight shipment from an origin location to a destination
location. The waybill is received and parsed by the railroad
data processor 132 to extract data related to an equipment.
The waybill includes an ETA for the equipment’s arrival at
the destination. This ETA is provided by class one railroad.
The waybill, however, does not include the ETI that indi-
cates the estimated time of arrival of the equipment at the
last interchange before the destination location. The equip-
ment is handed over to a shortline railroad at the last
interchange. The shortline railroad then transports the equip-
ment from the last interchange to the destination. The
machine learning-based prediction engine 130 includes
trained machine learning model that predict ETI for the
equipment. The railroad generates messages in response to
various events during the trip of the equipment. These
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messages can be generated at various points during the trip
such as when the train passes past certain places (e.g.,
junctions, stations, etc.) or when events (e.g., work orders,
crew changes, setouts, pickups, etc.) related to the equip-
ment occur. Railroads can transmit such data as car location
messages (CLM). These messages are communicated in an
encoded ASCII format that can be considered as a digital
language used to electronically communicate event infor-
mation. Car location message is a specialized message that
is used by railroads to report the movement of railcars
including intermodal containers. The technology disclosed
can also receive and process other types of railroad trans-
action data that provides information about movement of
railroad equipment. For example, the railroad data processor
132 can receive and parse EDI 322 transaction set that is also
in the electronic data interchange (EDI) format. The EDI
322 transaction set can include data about various events
related to the equipment such as departures, arrivals, ramp
activities such as ingates, outgates, etc. The data received
from railroad companies can be considered as event stream
or equipment event stream. As new event data is received,
the machine learning-based ETA/ETI prediction engine can
input the new data to the prediction model 140 and predict
updated ETA/ETTI for the equipment.

Telematics data including location, temperature, power
data for the equipment is captured by sensors installed on the
equipment and sent to the telematics data processor 138.
This data can be received by the telematics data processor
138 via satellite communications and wireless communica-
tion networks 110. The telematics data include location data
of the equipment such as the GPS or global positioning
system data. This information is more precise than the
location data received from railroad companies that are
based on rail sightings and other events. The sensors
installed on the equipment can also send other data such as
ambient temperature. Other data such as power settings, etc.
can be received by the telematics data processor. The
telematics data processor 136 can feed the telematics data to
data preparer 138 for further inputting to the machine
learning model 140 for predicting ETA/ETI for the equip-
ment.

The calculated data processor 134 includes logic to cal-
culate data related to the equipment using inputs received
from various sources such as the railroad companies and/or
telematics sensors installed on the equipment. The calcu-
lated data processor includes logic to calculate possible
congestion on a junction or on any other location at a rail
track. This calculated data can be used for identifying delays
during the trip of the equipment. The calculated data pro-
cessor can also determine seasonality data that can impact
the ETA or ETI of the equipment. The seasonality data
identifies hours in a day or days in a week that may have
more traffic on junctions or tracks and may cause delays to
movement of the equipment. The congestion data and the
seasonality data calculated by the calculated data processor
can be provided as input to the machine learning model 140
for predicting the ETA and ETI of the equipment. The
calculated data processor 134 includes logic to calculate or
infer data from equipment event data received from rail-
roads. For example, the calculated data processor 134 can
calculate a trip duration (in hours, days, etc.) for an equip-
ment between any two locations along the trip route based
on equipment update events received from the railroads.

The data preparer 138 includes logic to clean and format
the data received from railroad companies so that it can be
input the machine learning model 140. The data preparer
completes the input data by inputting null values in the data
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fields in which the data is missing. The data preparer 138
includes logic to organize data in higher level features such
as train types and equipment types that can be grouped
together for inputting to the machine learning model. Cat-
egorical values are encoded (e.g., using one-hot encoding)
by the data preparer 132 for inputting to the machine
learning model 140.

The machine learning model 140 can produce an output
142 that predicts the ETA and/or the ETI for the equipment.
The output from the machine learning model 140 can be
presented on a graphical user interface that can show a map
indicating a route of the equipment and a marker indicating
the current location of the equipment. The output can also
provide a comparison of the predicted ETA with the ETA
from provided by the railroad via the waybill. This allows
the users to easily identify when their shipment is going to
arrive at the last junction (based on predicted ETI) and the
destination location (based on predicted ETA).

Completing the description of FIG. 1A, the components
of the system in FIG. 1A, described above, are all coupled
in communication with the network(s) 181. The actual
communication path can be point-to-point over public and/
or private networks. The communications can occur over a
variety of networks, e.g., private networks, VPN, MPLS
circuit, RFID, or Internet, and can use appropriate applica-
tion programming interfaces (APIs) and data interchange
formats, e.g., Representational State Transfer (REST), Elec-
tronic Data Interchange (EDI), JavaScript Object Notation
(JSON), Extensible Markup Language (XML), Simple
Object Access Protocol (SOAP), Java Message Service
(JMS), and/or Java Platform Module System. All of the
communications can be encrypted. The communication is
generally over a network such as the LAN (local area
network), WAN (wide area network), telephone network
(Public Switched Telephone Network (PSTN), Session Ini-
tiation Protocol (SIP), wireless network, satellite network,
point-to-point network, star network, token ring network,
hub network, Internet, inclusive of the mobile Internet, via
protocols such as EDGE, 3G, 4G LTE, Wi-Fi and WiMAX.
The engines, data processors or system components of FIG.
1A are implemented by software running on varying types of
computing devices. Example devices are a workstation, a
server, a computing cluster, a blade server, and a server farm.
Additionally, a variety of authorization and authentication
techniques, such as username/password, Open Authorization
(OAuth), Kerberos, Secured, digital certificates and more,
can be used to secure the communications.

FIG. 1B presents examples of various types of railroad
equipment that can be used to transport goods to a destina-
tion location. A tank car (170) is used to transport oil,
liquefied natural gas, chemicals or other types of liquids. An
intermodal container 175 can be used to transport various
types of packaged and unpackaged goods. An intermodal
container can be transported in a container ship or on a road
trailer (or truck). It can be placed and taken off from a railcar.
Therefore, it is a versatile goods transportation equipment
that can be used to transport goods via roads, railroads and
oceans. A grain car 180 can be used to transport various
types of grain to factories for processing. Examples of other
types of equipment that can be tracked using the technology
disclosed include, a box car, a refrigerated boxcar, a covered
hopper. an open-top hopper, an autorack, a centerbeam, a
coil car, a flatcar, a gandola, a well car, etc. It is understood
that the technology disclosed can predict ETA and ETI for
any equipment type that is transported by railroads.

A railcar or intermodal equipment is identified by an
alphanumeric string that comprises two to four alphabets
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followed by six numerals. The equipment identifier is usu-
ally printed or painted on the equipment for identification
purposes. A railroad company can assign priority to an
equipment based on the type of the equipment. For example,
a grain car may be assigned a lower priority than an
intermodal container. This may cause a grain car to have a
higher dwelling time than an intermodal container at a
junction. The equipment type information is provided as an
input to the trained ETA/ETI prediction model 140 so that
the model can incorporate the priority information for the
particular equipment when predicting the ETA and/or ETL.
Similarly, the railroads can assign different priorities to
various equipment types. The technology disclosed can use
that priority information when predicting the ETA and/or
ETI for an equipment of a particular type.

FIG. 1C presents examples of trips of equipment com-
prising starting locations and destination locations. Two
example trips of equipment are shown via the railroad. A
first trip starts from a location A and ends at a location E. A
second trip starts from a location X and ends at a location Z.
For the first trip, the equipment starts the journey from the
location A and passes through locations B, C, D to reach the
destination location E. For the second trip, the equipment
starts the journey from the location X and passes through the
locations C and D to reach the destination location Z. A trip
can comprise multiple segments or routes (also referred to as
shipment routes). For example, the first trip in FIG. 1C
comprises four segments (or shipment routes) including a
first segment from location A to location B, a second
segment from location B to location C, a third segment from
location C to location D and a fourth segment from location
D to location E. Similarly, the second trip in FIG. 1C
comprises three segments including a first segment from the
location X to the location C, a second segment from the
location C to the location D and a third segment from the
location D to the location Z. Both trips have one segment
(i.e., from location C to location D) as common between
them.

The technology disclosed includes logic to identify seg-
ments (or shipment routes) in trips of equipment from source
locations to destination locations. The technology disclosed
can store various historical timeseries data for each segment
or shipment route. For example, historical shipment route
data including location identifier (such as location name,
location identifier, SPLC, etc.) and corresponding time-
stamps indicating the time an equipment reached or passed
through a location can be stored in the training database 150.
Other data such as lane and junction congestion data, etc.
can also be stored for one or more locations in a segment or
shipment route. This historical shipment route data can be
used to train machine learning models for predicting ETA
and/or ETI for an equipment. The technology disclosed can
combine historical shipment route data for different seg-
ments obtained from multiple historical trips to predict ETA
and/or ETT for a trip between two locations for which there
is no historical trip data. For example, referring to FIG. 1C,
data for three historical trips ABCX, ZDE and XCDZ may
be available. The technology disclosed can train the machine
learning model using historical shipment route data from
these three historical trips. The trained machine learning
model can then predict ETA for a new trip ABCDE. This is
possible because the machine learning model is trained
using segments of the three historical trips. The machine
learning model can then use historical shipment route data
for segments from historical trip data to predict ETA for any
location in the new trip without ever having received the
historical trip data for the new trip ABCDE.
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Input Data for ETA and ETI Prediction

FIGS. 2A to 2C present details of the railroad data and
calculated data including examples of data fields in each
data category.

FIG. 2A presents examples of various types of data for
example data categories to predict ETA and ETT for railroad
equipment. Railroad data 200 can comprise an equipment
events stream data 202 (also referred to as timeseries data).
The equipment event stream data comprises data that is
captured by railroads during the trip of the equipment from
source to destination. The railroads capture this data at
various locations during the trip of the equipment based on
rail sightings or when the equipment passes past certain
points including junctions, stations, signals, etc. The equip-
ment event stream data can also be generated when events
occur on the train or the equipment such as when the train
and/or the equipment is held at a certain location or when
workorders are generated for the equipment.

The railroad data 200 can also include schedule data 204
that includes data related to scheduled events. These sched-
uled events can be generated by railroad companies. The
scheduled events can be related to maintenance of the
equipment. Scheduled events can also be related to the crew
operating the equipment and/or the train such as crew
changes, etc. Other scheduled events may be related to the
train such as train switches, etc. Train switches events
indicate when the equipment is switched from one train to
another. This may include switching from train operated by
one railroad to a train operated by another railroad.

The railroad data 200 can include lane (or route) related
data 206 such as junctions on the route, origin and destina-
tion, etc. Lane data can also include information related to
various railroads that will handle the equipment during the
trip from the origin to the destination. Lane data can include
details related to the last mile indicating the shortline
railroad that will handle the equipment after it is handed over
to shortline at the last junction for onward journey to the
destination. This data can be received from the waybill
and/or various railroads involved in movement of the equip-
ment from the origin to the destination.

The railroad data 200 can include train-level data 208 that
identifies the train and other information related to the train
such as a length of the train, locomotive type, etc.

The railroad data 200 can include cargo data 210 that can
identify the commodity type being transported by the equip-
ment.

The railroad data 200 can include equipment data 212 that
can identify a type of the equipment and whether the
equipment being moved is empty or loaded with goods.

The railroad data 200 can include disruptions data 214
that can identify various types of disruptions during the trip
of the equipment. Details of each disruption can be provided
by the railroad such as the cause of the disruption and start
and end time of the disruption.

The railroad data 200 can include historical data 216 that
can identify average times for a trip from a source to a
destination location based on previously recorded actual trip
data provided by railroad companies.

FIG. 2A also presents various types of calculated data 240
that can be used for predicting the ETA and ETI. The
calculated data 240 can include congestion data. Two dif-
ferent types of congestion can be calculated by the calcu-
lated data processor 134. A first type of congestion is related
to the junction (referred to as junction-level congestion data
242) and a second type of congestion is related to a par-
ticular location on the track (referred to as track-level
congestion 244). The calculated data 240 can also include
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seasonality data 246 that identifies whether the time of the
day or day of the week at which an equipment departs from
a junction or arrives at a junction is a busy time or not.
Busier times or days can cause delays in the movement of
the equipment.

FIG. 2B presents examples of railroad data 200 that can
be used for predicting ETA and ETTI for railroad equipment.
For each railroad data, some example data fields are pre-
sented. Note that the example data fields (in the right
column) are presented for illustration purpose, additional
data fields may be added for each railroad data (in the left
column).

The equipment events stream data 202 can include data
such as waybill identifier (or waybill number), equipment
identifier (or equipment ID), a description or identifier of
events at the junction, identifiers and/or descriptions of
waypoints and locations along the path of the equipment,
equipment update events including events at the origin and
destination locations, ambient temperature, etc. The events
at the origin and destination can include data related to
pickup of the equipment and data related to delivery of the
equipment. Equipment events stream data can also include
telematics data received from various sensors and/or GPS
systems installed on the equipment. Such telematics data can
be sent by various types of sensors and/or GPS system
installed on the equipment directly or via railroad network.
The telematics data can include ambient temperature. Loca-
tion data sent by the GPS can indicate equipment location
that can be used by the machine learning model 140 when
predicting ETA and ETI for the equipment.

The schedule data 204 can include schedule information
related to the equipment and/or train such as crew changes,
pickups and setouts details, inspections and work orders and
train switches. These data fields are useful in prediction of
ETA and ETI as scheduled events can cause delays in
movement of the equipment.

The lane or route data 206 can include data related
identifying the origin location, destination location, identi-
fiers and/or names of junctions along a lane or a route of the
equipment, names and/or identifiers of class one railroads
that will handle movement of the equipment from the origin
to the destination and name and/or identifier of the shortline
railroad that will handle the movement of the train in the last
mile.

The train-level data 208 includes details of the one or
more trains that will move the equipment from the origin to
the destination. The train-level data can include a train
identifier (train ID), a train length, a number of railcars in the
train, a locomotive type that powers the train. The train
length can be measured in physical distance such as feet,
miles, etc. or it can also be measured by the number of
railcars or other types of equipment in the train.

The cargo data 210 can include information about the
goods that are being transported. For example, it can include
details of the commodity and/or goods being transported.
Examples of commodities include oil, chemicals, liquified
gas, grain, frozen goods, food items, etc.

The equipment data 212 can include details of the equip-
ment. For example, it can include data related to the type of
equipment (intermodal container, tank car, grain car, etc.).
The equipment data can include data that identifies whether
the equipment is loaded or empty.

The disruptions data 214 can include data related to
disruptions during the trip of the equipment. The disruptions
data can include a cause of the disruption, a location where
the disruption occurred, a start time and an end time of the
disruption.
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The historical data 216 can include data generated based
on historical trip data between different origin and destina-
tion locations. The historical data can include average trip
times (e.g., in days) and median trip times (e.g., in days).

The technology disclosed can use selected data from the
railroad data 200 to predict estimated time to arrival at a
particular location. For example, in one implementation, the
equipment events stream data 202, lane data 206 and his-
torical data 216 can be used to predict ETA and/or ETI.
Other data presented in FIG. 2B can be used to increase the
prediction accuracy.

FIG. 2C presents examples of various types of calculated
data 160 that can be used for predicting ETA and ETI for
railroad equipment. The calculated data processor 132
include logic to use railroad data the calculate junction-level
congestion data 242, track-level congestion data 244 and
seasonality data 246. The junction-level congestion data 242
includes a predicted time at which congestion can occur at
aparticular junction. The congestion-level data 242 provides
a junction name and/or identifier along with expected traffic
at that junction at the predicted time. The expected traffic can
identify a number of trains that are expected to pass through
that junction at the predicted time. The predicted time can
also be identified as a range of time such as 15 minutes, 30
minutes, one hour, two hours, three hours or more.

A track-level congestion data 244 can identify expected
traffic at a particular location on the track at a predicted time.
The location can be a particular geographic location iden-
tified by particular latitude and longitude values or identified
by other geographical markers, waypoints, etc. In one imple-
mentation, the location can span between two geographical
markers such as identified by two sets of latitude and
longitude values or between two waypoints or between two
location markers. The track-level congestion identifies
expected traffic (i.e., number of trains) at the particular
location (or between two location markers) at a predicted
time. As in the case of junction-level congestion, the pre-
dicted time can also be identified as a range of time such as
15 minutes, 30 minutes, one hour, two hours, three hours or
more. The calculated data 160 also includes seasonality data
246.

The seasonality data 246 can be determined from the
railroad data. The seasonality data 246 identifies an hour of
the day, a day of the week, a month of the year at which the
equipment and/or the train departs from the origin location
or arrives at the destination location. The seasonality data
246 identifies whether the equipment departs from origin
location or arrives at the destination location at a busy hour
or during off hours. This data can cause delays in movement
of the equipment. Seasonality data can be determined for
various junctions, stations or other waypoints or locations
along which the equipment will travel during the trip.
Examples of Input Data for ETA and ETI Prediction

FIGS. 3A to 3E present examples of data that can be
provided as input to machine learning model 140 for pre-
dicting ETA and ETI. The data can be received from railroad
companies directly or as part of a waybill. Historical data
can be calculated from the previous trips of equipment
between different origin and destination locations. This data
can be used for inputting to the machine learning model for
predicting the ETA and/or ETI for an equipment’s arrival at
a destination. Examples of disruption data are also presented
that are input to the machine learning model for predicting
ETA and/or ETI. Examples of calculated data such as
junction-level congestion data and track-level congestion
data are also presented. Details of each data with reference
to FIGS. 3A to 3E are presented below.
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FIG. 3A presents example railroad data and calculated
data that can be used for predicting ETA and ET1I for railroad
equipment. The data is presented in three tables 301, 311 and
321. A particular row in the three tables presents data related
to an equipment and is identified by a waybill identifier.
Updated data for the same equipment is received from the
railroad at different times during the trip of the equipment
from an origin location to a destination location. For
example, the first three rows of the tables 301, 311 and 321
present railroad data for the waybill identifier (302) <“12345”
corresponding to the equipment identifier (304) “54321” and
its location (305) as it moves from San Francisco, CA (first
row) to Austin, TX (third row). The location 305 can be a
city, state, or any other geographic location identified by
latitude and longitude coordinates from a GPS system. The
location can also be identified by a SPLC (standard point
location code) as received from a railroad. The data received
from the railroad includes the train identifier (303)
“XXXXX”. Timestamps (306) for arrivals at respective
locations are also included in the record. Columns 307 to
310 present seasonality data as calculated by the calculated
data processor 134 using the railroad data. A column 307
presents an hour of the day, a column 308 presents a day of
the week, a column 309 presents a month of the year and a
column 310 presents a value for the year. Columns 312 and
314 in table 311 provide scheduled crew changes and
scheduled inspections for the trains moving the equipment.
Column 315 presents a train type identifier. Column 316
presents a commodity type identifier and column 317 pres-
ents an equipment type identifier. Columns 318 and 319
provide train length (in feet) and train cars (in numbers)
information for the respective trains. Table 321 presents
scheduled pickups (320) and scheduled setout (323) for the
respective equipment identifiers. An empty or loaded iden-
tifier for the respective equipment is presented in a column
324.

FIG. 3B presents example lane history data that can be
used for predicting ETA and ETI for railroad equipment. A
table 331 presents various historical data calculated in
dependence on the historical trips of equipment between
different locations. The lane history data, presented in a table
331, is arranged in rows. A row presents lane history data
between an origin (332) and a destination (333) location for
a given railcar type. The lane history data include an average
trip time (334) and a median trip time (335). Both average
and median trip times are expressed in number of days. The
table 331 also presents median trip time in the last ninety
days (336) and median trip time in the last one hundred and
eighty days (337). The lane history data is used to train the
machine learning model and the trained model is then used
for predicting the ETA and/or ETI for an equipment. The
example data presented in FIG. 3B can also include an
equipment type field (not shown) identifying the type of the
equipment such as railcar, tank car, grain car, etc.

FIG. 3C presents examples of railroad track repair dis-
ruptions data that can be used for predicting ETA and ETI for
railroad equipment. A table 341 presents the track repair
data. A row in the table 341 presents a record of a particular
disruption to movement of a train. A column train identifier
(or train ID) 346 presents the identifier for a train that has
faced a disruption due to track repair. A column 342 presents
the location (342) of the disruption. The start time (343) and
end time (344) of the disruption are also presented in
respective columns. For example, the first row in the table
341 shows that movement of a train with a train ID of
“XXXXY” was disrupted at San Francisco, CA (location
342) from Mar. 1, 2024 (start time 343) to Mar. 3, 2024 (end
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time 344). The cause of this disruption is “track repair”
presented in a column 345 labeled as “cause”. The track
repair disruption data can be used provided as input to the
machine learning model 140 during inference when predict-
ing ETA and/or ETI of the equipment.

FIG. 3D presents examples of calculated junction-level
congestion data that can be used for predicting ETA and ETI
for railroad equipment. Junction-level congestion data can
be determined by the calculated data processor 134 using the
railroad data received from various railroad companies. A
table 351 presents an example of junction-level congestions
calculated at various junctions. For example, the first row of
table 351 presents congestion at Chicago, IL. junction (354)
at a predicted timepoint (353) of May 20, 2024, at six
o’clock in the morning. The expected traffic at this junction
is fifteen trains (355) at the predicted timepoint. The junc-
tion-level congestion data can be provided as input to the
machine learning model for predicting ETA and/or ETI for
an equipment. In one implementation, the junction-level
congestion can be determined for a duration of time such as
for thirty minutes, one hour, two hours, three hours, or more.

FIG. 3E presents examples of calculated track-level con-
gestion data that can be used for predicting ETA and ETT for
railroad equipment. Track-level congestion data can be
determined by the calculated data processor 134 using the
railroad data received from various railroad companies. A
table 361 presents an example of track-level congestions
calculated at various locations. A location is indicated by
latitude and longitude values. Other forms of location mark-
ers such as waypoints, known places, etc. can be used for
congestion calculation. In one implementation, track-level
congestion can be calculated between two locations. The
two locations can be identified by two sets of latitude and
longitude values or by other location or position markers.
The table 361 presents track-level congestions for various
locations identified by their respective latitude and longitude
values. For example, the first row of the table 361 presents
congestion at a location 29.995629, -97.442271 (364) at a
predicted timepoint (363) of May 20, 2024, at six o’clock in
the morning. The expected traffic at this location is fifteen
trains (365) at the predicted timepoint. The junction-level
congestion data can be provided as input to the machine
learning model for predicting ETA and/or ETI for an equip-
ment.

FIGS. 3F to 31 present examples of raw event data and
additional data that is determined or looked up from other
sources using the raw event data. The raw event data can be
received from railroad companies. FIG. 31 presents an
example of raw event data by combining data from tables
presented in FIGS. 3F, 3G and 3H.

FIG. 3F presents examples of raw event data received
from railroad companies. This data can be received as part
of'a CLM (car location message) from a railroad. A table 371
includes four features labeled as “Equipment_ID”, “Event
Timestamp”, “Event Code”, and “Event SPLC”. The data
for these features is received from railroad companies. The
Equipment_ID provides an identifier for the equipment for
which the event is generated. The Event_Timestamp pro-
vides a timestamp (including a date and time) at which the
event occurred. The Event_Code can include a code that
indicates a type of the event. For example, an “A” event
code indicates arrival of equipment at an in-transit railroad
location other than the destination. A “J” event code indi-
cates junction delivery for an equipment. This event indi-
cates that the equipment is delivered from one railroad to
another railroad. A “P” event code indicates departure of the
equipment from an in-transit railroad location other than the
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destination. An “R” event code indicates the equipment is
received by one railroad from another railroad. A “W” event
code indicates that equipment is released at the date, time
and location indicated. A “D” event code indicates arrival of
equipment at a destination location. An “X” event code
indicates that equipment is pulled from a shipper location at
the date, time and location shown. The Event_SPLC feature
provides a single point location code (SPLC) at which the
event occurred. The SPLC can be used to identify a geo-
graphic location at which the event occurred.

FIG. 3G presents examples of location data related to the
events in FIG. 3F. The location data can be determined using
the raw event data from the railroad companies. A table 375
presents some examples of location data that can be deter-
mined from event data received from the railroad compa-
nies. An “Event_Description” field presents an event name
or event description for the event provided by the railroad.
The event description can be determined (or looked up)
using the event code as listed in the table 371 in FIG. 3F. The
location data (in table 375) also includes a “City” field that
is determined using the location of the event in the event
data received from the railroad. The location data (in table
375) includes the state, country and station names at which
the event occurred. The location data also includes a junc-
tion name that can be determined using the location data
received from the railroad. The location data can be deter-
mined using the single point location code (or SPLC)
received in the event data from the railroad.

FIG. 3H presents additional data (in table 391) that can be
determined or looked up using the Equipment_ID for the
shipment being transported on a waybill. Such additional
waybill data can include waybill number, waybill date,
origin SPLC, destination SPL.C and transportation type. The
origin SPLC identifies the originating location of the equip-
ment in a single point location code format. The destination
SPLC identifies the destination location of the equipment in
a single point location code format. The transportation type
indicates the equipment type such as railcar, intermodal
container, tank car, etc.

FIG. 31 presents a single raw event data example that
includes event data received from railroad and other data
that is determined or looked up using the event data. The
example event data is a combination of the respective rows
in tabular data presented in FIGS. 3F, 3G and 3H. The
example event data includes the equipment identifier (or
Equipment ID) “ABCX123456”. The event occurred at an
event timestamp of “2024-04-26 19:50:00”. The event code
is “W” and the event location is identified by the SPL.C code
value of “534485000”. The preceding data is received as
part of the event data from the railroad companies. Using
one or more of the received event data values, other infor-
mation about the event can be determined. For example,
event description (“Released”) can be determined from the
event code (“W”). The location of the event can be deter-
mined using the event SPLC code (“534485000”). The
location data can include the city (“Calamus”™) in which the
event occurred, the country (US) in which the event
occurred, the station (“Calamus”) at which the event
occurred or a nearby station if the event occurred away from
the station and a junction at which the event occurred or a
nearby junction at which the event occurred. Further data
about the event can be determined using the Equipment 1D
to lookup the waybill. A waybill number (“654321”), way-
bill date (“2024-04-26") can be determined from the Equip-
ment ID. An origin SPLC (“534485000”) and a destination
SPLC (“3435700007) can be determined or looked up using
the waybill number. A transportation type or equipment type
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(“railcar”) can also be determined from the waybill number.
Two or more features (or fields) in the raw event data can be
used for training of the machine learning model for predict-
ing ETA and/or ETI. For example, an equipment identifier,
an event timestamp, an event code, an event SPLC, an origin
SPLC, a destination SPLC can be used to train the machine
learning model for predicting the ETA and/or ETI.
Example of a Machine Learning Model for ETA and ETI
Prediction

FIG. 4 illustrates training of a machine learning model
that can be used for predicting ETA and ETI for railroad
equipment. The technology disclosed can use a variety of
machine learning models for predicting ETA and ETI. These
models can be trained using labeled training data. The
training data comprises railroad data 200 and calculated data
240. As more data is collected from the railroads and sensors
attached to the equipment, the size of the training data
increases. Machine learning models such as gradient
boosted trees, random forest, support vector regression,
linear regression, lasso regression, ridge regression, elastic
net regression, Principal Component Analysis (PCA) have
been used by the technology disclosed for predicting ETAs
and ETIs.

Details of training a gradient boosted trees (XGBoost)
model for predicting ETA and ETI are presented with
reference to FIG. 4 for illustration purposes. Gradient
boosted trees (also referred to as gradient boosted decision
trees) is an ensemble machine learning technique that
sequentially combines the predictions of multiple simple (or
weak) learners or models. XGBoost attempts to improve the
overall predictive performance by optimizing a model’s
weights based on the errors of previous iterations, gradually
reducing prediction errors and enhancing the prediction
accuracy.

We briefly describe the hyperparameters and their ranges
selected for training the XGBoost model. As more experi-
ments are conducted, the ranges of the hyperparameters can
change.

Learning rate is an important hyperparameter of the
XGBoost model. The predictions of simple models (or weak
learners) are summed (or added) together sequentially. In
XGBoost, the weak learners are often decision trees. The
contribution of each decision tree to the sum can be
weighted to slow down the learning by the model. This
weighting is called shrinkage or the learning rate. Smaller
values of learning rate (close to zero) decrease the contri-
bution of a weak learner in the ensemble. This requires
building more decision trees and therefore increases the time
to train the model. However, the final model is strong and
resistant to overfitting. The range of learning rate values
used for training the XGBoost is from 0.01 to 0.5.

The number of decision trees is another hyperparameter
and is often referred to as the number of estimators (n_es-
timators) or number of boosting rounds. The value of this
hyperparameter determines the number of trees to build in
the ensemble model. Higher number of trees can result in a
stronger model as more trees allow the model to capture
more patterns in the data. However, this can also increase the
chances of overfitting. The range of values used for the
number of estimators hyperparameter is between five hun-
dred (500) and two thousand (2000).

The max depth (or maximum depth) hyperparameter
controls the number of levels in each weak learner or
decision tree. For example, a max depth of three (3) means
that there are three levels in the tree including the leaf level.
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Deeper trees are more complex and computationally expen-
sive. The max depth values for our XGBoost models range
from four (4) to eight (8).

Subsampling (or row subsampling) hyperparameter deter-
mines the number of data samples (or rows) from the
training data used to train each decision tree. A subsampling
rate of less than one indicates that fewer data samples are
randomly selected to train the model. The row subsample of
0.6 to 1 is used to train the XGBoost model.

Feature subsampling (or column subsampling) hyperpa-
rameter determines the number of features or columns that
are selected for training a decision tree. XGBoost model is
suitable when training data is arranged in tabular format. For
large datasets with many features, we may want to reduce
the number of features used for training a decision tree. The
column subsample for the decision tree is selected in a range
from 0.6 to 1.

Alpha regularization hyperparameter adds a penalty term
to the loss function to reduce overfitting. Alpha hyperpa-
rameter is the L1 regularization term on model weights.
When training an XGBoost model, we start with smaller
values of alpha regularization and gradually increase until
no further improvement in performance is achieved. We
used alpha regularization values in a range from 0.01 to 1.

Lambda regularization hyperparameter also adds a pen-
alty term to the loss function to reduce overfitting. Lambda
hyperparameter is the L2 regularization term on model
weights. We used lambda regularization values in a range
from 0.01 to 1.

The objective hyperparameter is the loss function to be
minimized. We have used root mean squared log error
(RMSLE). RMSLE incurs a larger penalty for the underes-
timation of the actual variable than overestimation. More
penalty is incurred when predicted value is less than the
actual value and less penalty is incurred when predicted
value is more than the actual value.

FIG. 4 presents a high-level overview of training the
XGBoost model for predicting ETA and ETI. Separate
models are trained for predicting the ETA and the ETI.
Gradient boosted trees (or XGBoost) is an ensemble
machine learning model and it uses boosting to train simple
models (such as decision trees) in a sequential manner. Each
decision tree learns from the mistakes of the previous model
in the sequence of models. Due to sequential connections,
boosted models are slow to learn but they perform better.

Using the selected hyperparameter values for rows and
column subsampling, smaller datasets or subsets are gener-
ated for training the learners or decision trees. For example,
a subset 1 (405) is selected from the labeled training
database 150 for input to the first decision tree (440). The
error from the first decision tree (440) is passed to the second
decision tree (445). The second decision tree receives a
subset 2 (415) from the training database 150. The second
decision tree (445) then attempts to fit to the residuals of the
first decision tree so that it improves the performance of the
model overall. The process is repeated with the nth decision
tree (450) that receives a subset n (420) from the training
database 150. The trained model 140 can then be used for
predicting ETA and/or ETI.

The data used to train the model can include example data
such as presented in tables in FIGS. 3A to 31. In one
implementation, the machine learning model as shown in
FIG. 4 is trained using up to one million examples (or
samples). The machine learning model can perform well
even when trained with smaller data sets including up to a
hundred or more samples. The training data is split for
training and validation. Around 20 percent of the training
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data is used for validation. It is understood that the size of
the training data can increase as more data is collected from
various railroads over time. The example data presented in
various tables in FIGS. 3A to 3I can be combined in one
table. This combined tabular data is then used for training
the model as shown in FIG. 4. Different rows and features
(columns) can be selected for training different decision
trees in the model. Similarly, this tabular data can be used for
predicting an ETA or ETI. The features can be aggregated at
the freight shipment level so that different hierarchies of
information are available to the machine learning model
when predicting an ETA or ETI. The machine learning
model can be trained to predict estimated time to arrival for
any location in the trip route of the equipment from any
other location in the trip route.

In one implementation, the machine learning models for
predicting ETA and/or ETI can be trained using selected
features from example data as shown in FIGS. 3A to 31
These models can be used to improve the accuracy of
predicted ETAs and/or ETIs by using such features in
inference or production. For example, when more training
data is available for ETAs and/or ETIs for particular equip-
ment type or crew information, etc. separate machine learn-
ing models can be trained using this data. Such models can
then be used to predict ETA and/or ETI when the particular
data, on which these models are trained, is available in
inference.

Computer System

FIG.5 is a computer hardware arrangement configured for
hosting the machine learning-based ETA/ETI prediction
engine of FIG. 1A.

FIG. 5 presents a simplified block diagram of a computer
system, or network node, which can be used to implement
the functions of the machine learning-based ETA/ETI pre-
diction engine. A computer system typically includes a
processor subsystem 514 which communicates with a num-
ber of peripheral devices via bus subsystem 512. These
peripheral devices may include a storage subsystem 524,
comprising a memory subsystem 526 and a file storage
subsystem 528, user interface input devices 522, user inter-
face output devices 520, and a communication module 516.
The input and output devices allow user interaction with the
computer system. Communication module 516 provides
physical and communication protocol support for interfaces
to outside networks, including an interface to communica-
tion network 181, and is coupled via communication net-
work 181 to corresponding communication modules in other
computer systems. Communication network 181 may com-
prise many interconnected computer systems and commu-
nication links. These communication links may be wireline
links, optical links, wireless links, or any other mechanisms
for communication of information, but typically it is an
IP-based communication network, at least at its extremities.
While in one embodiment, communication network 181 is
the Internet, in other embodiments, communication network
181 may be any suitable computer network.

The physical hardware component of network interfaces
is sometimes referred to as network interface cards (NICs),
although they need not be in the form of cards: for instance,
they could be in the form of integrated circuits (ICs) and
connectors fitted directly onto a motherboard, or in the form
of macrocells fabricated on a single integrated circuit chip
with other components of the computer system.

User interface input devices 522 may include a keyboard,
pointing devices such as a mouse, trackball, touchpad, or
graphics tablet, a scanner, a touch screen incorporated into
the display, audio input devices such as voice recognition
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systems, microphones, and other types of tangible input
devices. In general, use of the term “input device” is
intended to include all possible types of devices and ways to
input information into the computer system or onto com-
puter network.

User interface output devices 520 may include a display
subsystem, a printer, a fax machine, or non-visual displays
such as audio output devices. The display subsystem may
include a cathode ray tube (CRT), a flat panel device such as
a liquid crystal display (LLCD), a projection device, or some
other mechanism for creating a visible image. The display
subsystem may also provide non-visual display such as via
audio output devices. In general, use of the term “output
device” is intended to include all possible types of devices
and ways to output information from the computer system to
the user or to another machine or computer system.

Storage subsystem 524 stores the basic programming and
data constructs that provide the functionality of certain
embodiments of the technology disclosed. For example, the
various modules implementing the functionality of certain
embodiments of the technology disclosed may be stored in
storage subsystem 524. These software modules are gener-
ally executed by processor subsystem 514.

Memory subsystem 526 typically includes a number of
memories including a main random-access memory (RAM)
530 for storage of instructions and data during program
execution and a read only memory (ROM) 532 in which
fixed instructions are stored. File storage subsystem 528
provides persistent storage for program and data files, and
may include a hard disk drive, a floppy disk drive along with
associated removable media, a CD ROM drive, an optical
drive, or removable media cartridges. The databases and
modules implementing the functionality of certain embodi-
ments of the technology disclosed may have been provided
on a computer readable medium such as one or more
CD-ROMs and may be stored by file storage subsystem 528.
The host memory 526 contains, among other things, com-
puter instructions which, when executed by the processor
subsystem 514, cause the computer system to operate or
perform functions as described herein. As used herein,
processes and software that are said to run in or on the “host”
or the “computer,” execute on the processor subsystem 514
in response to computer instructions and data in the host
memory subsystem 526 including any other local or remote
storage for such instructions and data.

Bus subsystem 512 provides a mechanism for letting the
various components and subsystems of a computer system
communicate with each other as intended. Although bus
subsystem 512 is shown schematically as a single bus,
alternative embodiments of the bus subsystem may use
multiple buses.

The computer system 510 itself can be of varying types
including a personal computer, a portable computer, a work-
station, a computer terminal, a network computer, a televi-
sion, a mainframe, a virtual private server, a docker con-
tainer, a server farm, or any other data processing system or
user device. In one embodiment, a computer system includes
several computer systems. Due to the ever-changing nature
of computers and networks, the description of computer
system 510 depicted in FIG. 5 is intended only as a specific
example for purposes of illustrating the preferred embodi-
ments of the technology disclosed. Many other configura-
tions of the computer system are possible having more or
less components than the computer system depicted in FIG.
5. The same components and variations can also make up
each of the other devices and/or engines and the databases
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in the environment of FIG. 1A, as well as the devices and/or
engines and the databases as shown in FIG. 1A.

The applicant hereby discloses in isolation each indi-
vidual feature described herein and any combination of two
or more such features, to the extent that such features or
combinations are capable of being carried out based on the
present specification as a whole in light of the common
general knowledge of a person skilled in the art, irrespective
of whether such features or combinations of features solve
any problems disclosed herein, and without limitation to the
scope of the claims. The applicant indicates that aspects of
the present technology may consist of any such feature or
combination of features. In view of the foregoing descrip-
tion, it will be evident to a person skilled in the art that
various modifications may be made within the scope of the
technology.

The foregoing description of preferred embodiments of
the present technology has been provided for the purposes of
illustration and description. It is not intended to be exhaus-
tive or to limit the technology to the precise forms disclosed.
Obviously, many modifications and variations will be appar-
ent to practitioners skilled in this art. Any and all variations
described, suggested or incorporated by reference herein
with respect to any one embodiment are also to be consid-
ered taught with respect to all other embodiments. The
embodiments described herein were chosen and described in
order to best explain the principles of the technology and its
practical application, thereby enabling others skilled in the
art to understand the technology for various embodiments
and with various modifications as are suited to the particular
use contemplated. It is intended that the scope of the
technology be defined by the following claims and their
equivalents.

All features disclosed in the specification, including the
claims, abstract, and drawings, and all the steps in any
method or process disclosed, may be combined in any
combination, except combinations where at least some of
such features and/or steps are mutually exclusive. Each
feature disclosed in the specification, including the claims,
abstract, and drawings, can be replaced by alternative fea-
tures serving the same, equivalent, or similar purpose, unless
expressly stated otherwise.

Although the description has been described with respect
to specific implementations thereof, these specific imple-
mentations are merely illustrative, and not restrictive. For
instance, many of the operations can be implemented on a
printed circuit board (PCB) using off-the-shelf devices, in a
System-on-Chip (SoC), application-specific integrated cir-
cuit (ASIC), programmable processor, a coarse-grained
reconfigurable architecture (CGRA), or in a programmable
logic device such as a field-programmable gate array
(FPGA), obviating the need for at least part of any dedicated
hardware. Implementations may be as a single chip, or as a
multi-chip module (MCM) packaging multiple semiconduc-
tor dies in a single package. All such variations and modi-
fications are to be considered within the ambit of the
disclosed technology the nature of which is to be determined
from the foregoing description.

Any suitable programming language can be used to
implement the routines of specific implementations includ-
ing Python, C, C++, Java, JavaScript, compiled languages,
interpreted languages and scripts, assembly language,
machine language, etc. Different programming techniques
can be employed such as procedural or object oriented.
Methods embodied in routines can execute on a single
processor device or on a multiple processor system.
Although the steps, operations, or computations may be
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presented in a specific order, this order may be changed in
different specific implementations. In some specific imple-
mentations, multiple steps shown as sequential in this speci-
fication can be performed at the same time.

Specific implementations may be implemented in a tan-
gible, non-transitory computer-readable storage medium for
use by or in connection with the instruction execution
system, apparatus, board, or device. Specific implementa-
tions can be implemented in the form of control logic in
software or hardware or a combination of both. The control
logic, when executed by one or more processors, may be
operable to perform that which is described in specific
implementations. For example, a tangible non-transitory
medium such as a hardware storage device can be used to
store the control logic, which can include executable instruc-
tions.

One or more implementations of the technology or ele-
ments thereof can be implemented in the form of a computer
product, including a non-transitory computer-readable stor-
age medium with computer usable program code for per-
forming any indicated method steps and/or any configura-
tion file for one or more CGR processors to execute a
high-level program. Furthermore, one or more implementa-
tions of the technology or elements thereof can be imple-
mented in the form of an apparatus including a memory and
at least one processor that is coupled to the memory and
operative to perform exemplary method steps, and/or a CGR
processor that is operative to execute a high-level program
based on a configuration file. Yet further, in another aspect,
one or more implementations of the technology or elements
thereof can be implemented in the form of means for
carrying out one or more of the method steps described
herein and/or executing a high-level program described
herein. Such means can include (i) hardware module(s); (ii)
software module(s) executing on one or more hardware
processors; (iii) bit files for configuration of a CGR array; or
(iv) a combination of aforementioned items.

It will also be appreciated that one or more of the elements
depicted in the drawings/figures can also be implemented in
a more separated or integrated manner, or even removed or
rendered as inoperable in certain cases, as is useful in
accordance with a particular application.

Thus, while specific implementations have been described
herein, latitudes of modification, various changes, and sub-
stitutions are intended in the foregoing disclosures, and it
will be appreciated that in some instances some features of
specific implementations will be employed without a corre-
sponding use of other features without departing from the
scope and spirit as set forth. Therefore, many modifications
may be made to adapt a particular situation or material to the
essential scope and spirit.

What is claimed is:
1. A method of predicting an estimated time of arrival for
an equipment via a railroad, the method including:

inputting to a trained machine learning model a shipment
data that includes a starting location for a particular trip
and a destination location for the particular trip, and at
least one event data generated in response to an event
during the particular trip of the equipment via the
railroad from the starting location for the particular trip
to the destination location for the particular trip,

wherein the event is a location update event that indicates
movement of the equipment in proximity to a particular
geographic location along the particular trip, and

wherein the particular geographic location is any location
between the starting location and the destination loca-
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tion and the particular geographic location is identified
by corresponding geographical coordinates

predicting, using the trained machine learning model, the
estimated time of arrival of the equipment at the
destination location for the particular trip when no
historical trip data exists for the particular trip; and

wherein the trained machine learning model uses an
ensemble of tree models for the predicting of the
estimated time of arrival of the equipment at the
destination location,

wherein the ensemble of tree models sequentially com-

bines predictions of multiple tree models arranged in a
sequence of models, a particular model in the sequence
of models is trained using a first subset of training data,
and

wherein during training, a prediction error from the par-

ticular model is passed to a succeeding model in the
sequence of models, the succeeding model is trained
using a second subset of training data and the succeed-
ing model optimizes model weights based on the pre-
diction error from the particular model to gradually
reduce prediction errors and enhance prediction accu-
racy.

2. The method of claim 1, wherein the event identifies at
least one of a location arrival event identifying arrival of the
equipment at the location, a location departure event iden-
tifying departure of the equipment from the location, a hold
event identifying delay of the equipment at the location, a
junction delivery event identifying delivery of the equip-
ment from one railroad to another railroad, a junction receipt
event identifying receipt of the equipment by one railroad
from another railroad and a storage event identifying storage
of the equipment at the location.

3. The method of claim 1, further including,

inputting to the trained machine learning model an equip-

ment type data indicating a type of the equipment
moving a cargo from the starting location to the des-
tination location wherein the equipment type identifies
at least one of an intermodal container, a railcar, a tank
car, a box car, a refrigerated boxcar, a covered hopper,
an open-top hopper, a grain container, an autorack, a
centerbeam, a coil car, a flatcar, a gondola and a well
car.

4. The method of claim 1, wherein the destination location
for the particular trip is any location along a route of the
particular trip of the equipment.

5. The method of claim 1, further including: predicting an
updated estimated time of arrival of the equipment at the
destination location by inputting, to the trained machine
learning model, at least one new event data, generated in
response to a new event during the particular trip of the
equipment from the starting location to the destination
location.

6. The method of claim 5, wherein the new event is at least
one of an arrival event indicating arrival of the equipment at
a location, a departure event indicating departure of the
equipment from the location, a hold event indicating delay
of the equipment at a location, a junction delivery event
indicating delivery of the equipment from one railroad to
another railroad, and a junction receipt event indicating
receipt of the equipment by one railroad from another
railroad, and a storage event indicating storage of the
equipment.

7. The method of claim 1, wherein the event data com-
prises at least a time, a date and a location of the event.

8. The method of claim 1, wherein the machine learning
model is trained using a plurality of historical shipment
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route data for a plurality of corresponding segments, a
particular historical shipment route data in the plurality of
historical shipment route data comprising at least a location
and a corresponding timestamp in a particular segment
starting from a segment starting location for the particular
segment and ending at a segment destination location for the
particular segment, the method further including,
inputting to the trained machine learning model, at least
one event data generated in response to a scheduling
event during the particular trip of the equipment,

wherein the historical shipment route data used to train
the machine learning model further include a plurality
of historical schedule data, a particular historical sched-
ule data comprises at least one event data generated in
response to the scheduling event.

9. The method of claim 8, wherein the scheduling event
includes at least one of a train switches event indicating the
switching of the equipment from one railroad to another
railroad, a crew changes event indicating changes of the
crew during the particular trip of the equipment, a work
order event indicating part replacement or inspection of the
equipment, a pickup event indicating adding of the equip-
ment to the train and a setout event indicating removal of the
equipment from the train.

10. The method of claim 5, wherein the new event is a
junction-level congestion event indicating delay to move-
ment of the equipment at a junction during the particular
trip.

11. The method of claim 10, further including:

determining a number of trains that are scheduled on at

least one junction in the railroad during a specified
future time interval,

calculating, using the determined number of trains, at

least one of an average and a maximum amount of
junction congestion along a lane for a particular waybill
as a junction-level congestion; and

inputting to the trained machine learning model the junc-

tion-level congestion as input data for the junction-
level congestion event for the particular trip.

12. The method of claim 11, wherein the particular
waybill further includes an identifier of the at least one
junction, an identifier of at least one class one railroad and
an identifier of at least one last mile track.

13. The method of claim 1, further including, inputting to
the trained machine learning model a length of a train
wherein the length of the train is determined by a number of
equipment in the train.

14. The method of claim 1, further including, inputting to
the trained machine learning model a Boolean flag indicat-
ing whether the equipment is loaded with cargo.

15. The method of claim 1, further including, inputting to
the trained machine learning model a commodity type
wherein the commodity type indicates a type of cargo being
transported by the equipment.

16. The method of claim 2, further including, inputting to
the trained machine learning model a seasonality data asso-
ciated with at least one of the location departure event and
the location arrival event wherein the seasonality data com-
prises at least one of a time of a day, a day of a week, a
month of an year and a Boolean for indicating a higher than
average traffic at the location.

17. A system including one or more processors coupled to
memory, the memory loaded with computer instructions to
predict an estimated time of arrival for an equipment via a
railroad, the instructions, when executed on the processors,
implement, at a server node, actions comprising:
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inputting to a trained machine learning model a shipment
data that includes a starting location for a particular trip
and a destination location for the particular trip, and at
least one event data generated in response to an event
during the particular trip of the equipment via the
railroad from the starting location for the particular trip
to the destination location for the particular trip,
wherein the event is a location update event that
indicates movement of the equipment in proximity to a
particular geographic location along the particular trip,
and
wherein the particular geographic location is any location
between the starting location and the destination loca-
tion and the particular geographic location is identified
by corresponding geographical coordinates

predicting, using the trained machine learning model, the
estimated time of arrival of the equipment at the
destination location for the particular trip when no
historical trip data exists for the particular trip; and

wherein the trained machine learning model uses an
ensemble of tree models for the predicting of the
estimated time of arrival of the equipment at the
destination location,
wherein the ensemble of tree models sequentially com-
bines predictions of multiple tree models arranged in a
sequence of tree models, a particular tree model in the
sequence of tree models is trained using a first subset of
training data, and
wherein during training, a prediction error from the par-
ticular tree model is passed to a succeeding tree model
in the sequence of tree models, the succeeding tree
model is trained using a second subset of training data
and the succeeding tree model optimizes model weights
based on the prediction error from the particular tree
model to gradually reduce prediction errors and
enhance prediction accuracy.
18. A non-transitory computer readable storage medium
impressed with computer program instructions to predict an
estimated time of arrival for an equipment via a railroad, the
instructions, when executed on a processor, implement a
method, of a server node, comprising:
inputting to a trained machine learning model a shipment
data that includes a starting location for a particular trip
and a destination location for the particular trip, and at
least one event data generated in response to an event
during the particular trip of the equipment via the
railroad from the starting location for the particular trip
to the destination location for the particular trip,
wherein the event is a location update event that
indicates movement of the equipment in Proximity to a
particular geographic location along the particular trip,

wherein the particular geographic location is any location
between the starting location and the destination loca-
tion and the particular geographic location is identified
by corresponding geographical coordinates

predicting, using the trained machine learning model, the
estimated time of arrival of the equipment at the
destination location for the particular trip when no
historical trip data exists for the particular trip; and

wherein the trained machine learning model uses an
ensemble of tree models for the predicting of the
estimated time of arrival of the equipment at the
destination location,

wherein the ensemble of tree models sequentially com-

bines predictions of multiple tree models arranged in a
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sequence of tree models, a particular tree model in the
sequence of tree models is trained using a first subset of
training data, and
wherein during training, a prediction error from the par-
ticular tree model is passed to a succeeding tree model
in the sequence of tree models, the succeeding tree
model is trained using a second subset of training data
and the succeeding tree model optimizes model weights
based on the prediction error from the particular tree
model to gradually reduce prediction errors and
enhance prediction accuracy.
19. A method of predicting an estimated time of arrival for
an equipment via a railroad, the method including:
inputting to a trained machine learning model a starting
location for a particular trip, a destination location for
the particular trip, at least one event data generated in
response to an event during the particular trip of the
equipment via the railroad from the starting location for
the particular trip to the destination location for the
particular trip,
wherein the event is a location update event that indicates
movement of the equipment in proximity to a particular
geographic location along the particular trip,
wherein the particular geographic location is any location
between the starting location and the destination location
and the particular geographic location is identified by cor-
responding geographical coordinates and
predicting, using the trained machine learning model, the
estimated time of arrival of the equipment at a particu-
lar junction at which the equipment is handed over by
a class one railroad to a shortline railroad when no
historical trip data exists for the particular trip,
wherein the particular junction is located between the
starting location for the particular trip and the destina-
tion location for the particular trip,
wherein the trained machine learning model uses an
ensemble of tree models for the predicting of the
estimated time of arrival of the equipment at the
destination location,
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wherein the ensemble of tree models sequentially com-
bines predictions of multiple tree models arranged in a
sequence of tree models, a particular tree model in the
sequence of tree models is trained using a first subset of
training data, and

wherein during training, a prediction error from the par-

ticular tree model is passed to a succeeding tree model
in the sequence of tree models, the succeeding tree
model is trained using a second subset of training data
and the succeeding tree model optimizes model weights
based on the prediction error from the particular tree
model to gradually reduce prediction errors and
enhance prediction accuracy.

20. The method of claim 19, wherein the machine learning
model is trained using a Plurality of historical shipment
route data for a Plurality of corresponding segments, a
particular historical shipment route data in the plurality of
historical shipment route data comprising at least a location
and a corresponding timestamp in a particular segment
starting from a segment starting location for the particular
segment and ending at a segment destination location for the
particular segment, and

wherein the particular historical shipment route data in the

plurality of historical shipment route data matches at
least a portion of the particular trip of the equipment
from the starting location to the destination location.

21. The method of claim 19, wherein the event identifies
at least one of a hold event identifying delay of the equip-
ment at the location, a junction delivery event identifying
delivery of the equipment from one railroad to another
railroad, and a junction receipt event identifying receipt of
the equipment by one railroad from another railroad and a
storage event identifying storage of the equipment at the
location.

22. The method of claim 19, wherein the destination
location for the particular trip is any location along a route
of the particular trip of the equipment.

#* #* #* #* #*
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