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The growth of home deliveries, lower inventory levels and just-in-time deliveries drive the

fragmentation of freight flows, increased frequency, more delivery addresses and smaller

volumes. This leads to trucks inefficiently loaded and consequently more trucks in the road

contributing to the growing congestion in cities. According to a study by INRIX and the

Texas Transportation Institute, travelers in the U.S. are stuck 42 hours per rush hour

commuter in their cars in 2014, that is twice what it was in 1982 and the problem is four

times worse than in 1982 for cities of 500,000 people or less [28]. At the same time, a

historical lack of integration of the freight transportation system into city planning efforts

has left local governments unprepared. Under these circumstances, there is growing need

for best practices for freight planning and management in U.S. cities.

There is anecdotal evidence that the lack of areas for trucks to park and load/unload

freight is one of the main causes of an inefficient urban freight parking infrastructure that

leads to illegal parking and more congestion. The problem of lack of parking for freight



loading/unloading has been studied with a focus on on-street parking. Meanwhile, the

contribution of areas out of the public right of way (i.e. private) such as loading bays in

buildings has not benefited from research. More importantly, the location and features of

private freight parking are often unknown by local governments due to their private

character.

This thesis presents the first predictive tool to estimate the presence of private freight

loading/unloading infrastructure based on observable characteristics of property parcels

and their buildings. The predictive model classifies parcels with and without these

infrastructures using random forest, a supervised machine learning algorithm. The model

was developed based on a rich geodatabase of private truck load/unload spaces in the City

of Seattle and the King County tax parcel database.

The performance of the random forest model was evaluated through cross-validated

estimates of the test error. The distribution of the outcome variables is unbalance with

over 90% of parcels without private freight infrastructure. To consider the problem of

unbalance sample, the optimum model was set to maximize the area under the ROC curve

(AUC). The authors investigated the confusion matrix and the model classifier was design

to balance the sensitivity and specificity of the model. Model results showed AUC of

81.5%, a true positive rate of 82.1% and a misclassification error of 22.5%.

This research provides an assessment tool that reduces the field work required to develop a

quality inventory of private freight loading/unloading infrastructure by targeting the parcel



stock and making data collection methods more effective. Local governments can use this

research to inform efforts to revise and update delivery operations and regulations of truck

parking and loading.
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Chapter 1

INTRODUCTION

Urban Freight Transport has recently received increasing attention from research and is

more present in the local policy context [5]. Cities have been pressed in the last decades

to pay attention to urban freight negative impacts, mainly due to increasing congestion

and pollution from increased urbanization. Urban freight transportation is predominantly

road oriented and despite its relatively low share as part of total traffic, it contributes dis-

proportionately to air pollution, noise pollution, congestion, traffic accidents and reduced

accessibility of urban areas [16, 27].

Deliveries in urban areas are recently becoming more and more challenging. The growth

of home deliveries, lower inventory levels and just-in-time deliveries drive the fragmentation

of freight flows with increased frequency, more delivery addresses and smaller volumes. This

leads to more presence of vehicles because they are inefficiently loaded. [1, 18].

Beyond its economic significance, urban policy-making has paid relatively little attention

to urban freight planning when compared to the existing extensive research into public and

private passenger transport. There is a lack of systematic methodology for studying and

planning urban freight activities [17]. The author of this thesis has only been able to find

four cities in the U.S. that have advanced city freight master plans and half of these cities
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developed their plans after 2015: Portland (2006) [24], Atlanta (2008) [23], Seattle (2016)

[29] and Washington D.C. (2017) [11]. These advanced plans were motivated to better

understand freight-related issues and are evidence of the urgent need of cities to cope with

the growing negative impacts of urban freight transport.

Freight cannot simply be viewed as logistics networks operating in abstract urban space,

but must rather in a dynamic relationship in which urban places, land use, and connec-

tions mutually shape the other [10]. The most advanced city freight planning documents

in the U.S. are stand-alone documents exclusively dedicated to goods movement, which el-

evate freight to the same level as the other modal plans. Advanced city freight planning

documents evaluate freight needs and propose policies and actions integrated into a multi-

modal comprehensive strategy such as a general transportation plan. Additionally, they are

comprehensive, that is, consider several freight modes in geographical areas at the city level

greater than a neighborhood or an urban industrial district.

There is anecdotal evidence that the lack of delivery areas is one of the main causes of

illegal parking and congestion [1]. Moreover, it is stated that illegal parking drives costs

of operations through parking citations, unsafe situations and more congestion [31]. Along

this line, cities with advanced city freight plans such as Portland and Seattle consider the

evaluation and update of on-street and off-street truck loading regulations and operations

to address the negative impacts of the freight loading and parking issue. However, current

approaches to study this problem are limited because they only focus on on-street parking for

loading and unloading of goods [2, 12, 22]. Meanwhile, the contribution of delivery areas out
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of the public right of way (i.e. private) such as loading bays in buildings has not benefited

from research.

More importantly, data about private freight parking supply is not available as there is

not a U.S. city that maintains an open database of truck load/unload spaces that also in-

cludes private spaces. The information regarding private freight loading / unloading facilities

location, design and capacity is an important piece of the urban goods movement system.

This information is necessary to understand and evaluate its capacity and performance and,

therefore, to make informed decisions regarding urban freight planning, especially in dense

and constrained urban areas.

For these reasons, this research aims to answer the following research question: Can cities

use data readily available to estimate the location of off-street freight loading/unloading park-

ing in dense urban areas with a reasonable level of accuracy? The objective of this research

is to provide a validated model to estimate the location of private freight load/unload in-

frastructure in downtown Seattle. The model is developed using a random forest approach,

a supervised machine learning technique based on decision trees. Additionally, we use ob-

servable characteristics of the built environment for the prediction.

The rest of the document is structured as follows: Chapter 2 includes a literature review

on sources of information about urban off-street freight parking infrastructure and predictors

of their location, Chapter 3 includes data and methods, Chapter 4 describes the results and

Chapter 5 includes the conclusions of this work.
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Chapter 2

LITERATURE REVIEW

2.1 Sources of private freight parking supply data in urban areas

There are three main ways to collect data about private freight parking in cities: property

history research, direct observations and survey of property managers.

There are different ways to conduct property history research such as investigating build-

ing permits, parcel and property tax data, city directories, fire insurance maps and land

use codes. Parcel refers to parcels of real property or tax parcels that are used for locating

property within a region. These data sources can be fragmented and the data warehoused in

different formats. In the case of a data driven city such as Seattle, all this information must

be obtained from up to six different databases. Additionally, property records are available

online or in the format of microfilm copies depending on the date they were issued [3].

Land use data is one of the data types most relevant to the presence of private parking

supply and it is commonly available on-line in GIS databases together with property parcel

data. Cities such as New York, Washington D.C., Seattle, Los Angeles, Chicago, Dallas,

Boston and Atlanta require buildings of certain size and use to have freight parking facilities

[20, 22]. For instance, Seattle considers three categories of loading demand based on land-

use: high, medium, and low demand, and has a different set of thresholds and requirements
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for loading berths depending on the demand category (Figures 2.1 and 2.1). Seattle's land

use code also considers width and space for measurability [25]. Width requirements are

segmented according to demand and the largest weekly delivery truck.

Different to history property research, three studies were based on direct observations in

New York City [22], Toronto [21] and Seattle [13], respectively, and one study used surveys

of property manager in New York City [20].

Morris [20] surveyed property managers to document the presence of private freight park-

ing in a sample of 82 commercial office buildings in New York Central Business District

(CBD). The study presents the buildings categorized into Premier Class A buildings and a

second group Class B buildings that are a step below based on Building Owners and Man-

agers Association (BOMA)' s standards. According to Morris [20] , BOMA ranks buildings

based on a combination of factors such as rent per square foot, building finishes, system

standards and efficiency, building amenities, location/accessibility and market perception.

This study shows the prevalence of private freight parking spaces in higher quality buildings

(see Table 1).

Additionally, most of the 59 Premier Class A buildings in Morris' study were newer,

bigger and had more rentable floors than Class B buildings. Most Class A buildings were

constructed between 1950 and 1985 whereas most Class B buildings dated between 1910 and

1929. Class A buildings had in average 730,000 sq ft while Class B only averaged 200,000 sq

ft. Last, 87% of Class A buildings had 16 or more rentable floors while only 57% of Class B

had that number of floors.
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Figure 2.1: Seattle code' s loading bay requirements for buildings [25]
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Figure 2.2: Seattle code' s categories of land uses based on level of demand [25]
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Table 2.1: Breakdown of freight accommodation and building class from Morris' data [20]

Freight Accommodation Premier Class A buildings (%) Class B buildings (%)

Operating freight docks 80 9

Separate freight doors 12 74

Neither a dock nor a separate freight door 8 17

Lubinsky et al. [22] used direct observations to document types of off-street freight in-

frastructure commonly found in the city. This study identifies up to eight different categories

of these infrastructures for which they use the umbrella terms loading berths and loading

docks interchangeably. The study points out the lack of comprehensive review of off-street

freight parking design standards and the negative impact of missing data regarding this in-

frastructure. However, the study did not result in a geodatabase that gathered location or

attributes of this infrastructure.

Nourinejad et al. [21] uses location data of off-street freight parking facilities to evaluate

truck parking policy impacts in urban areas. The infrastructure data is obtained from an

inventory of truck parking supply in a 5x4 city block area of Toronto CBD. The information

about off-street parking supply is limited to the location and type of the facilities. The

inventory includes approximately 37 loading bays in addition to other off-street public freight

parking options such as surface parking, public parking and alleys in the area, however, there

is not further information available about the facilities.

Goodchild et al. [13] developed a data collection method to map private freight parking
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in urban areas through direct observations. This work includes a Seattle case study that

resulted in an inventory of 246 facilities in four centric neighborhoods of the city. This work

shows the largest database of these infrastructures, which took approximately 210 person-

hours just for data collection tasks in field by hourly staff. The inventory includes the

geolocation of these facilities and detailed features such as width and height of entrances

and exits, number of parking spaces and the presence of an elevated platform to facilitate

loading/unloading operations from trucks (i.e. dock). Goodchild et al. [13] built a typology

of private freight parking facilities that includes the following definitions:

• Loading bay (Figure 2.1). An enclosed space inside the building with an en-

trance/exit point (e.g. roll up doors, garage doors) that act as a continuation of

the upper parts of the building. This space is partially or completely dedicated to

unloading and loading activities. It has entrances and exits greater than 8 feet x 8

feet for commercial vehicles. Loading bays can have loading docks and truck parking

spaces with or without access to a loading dock.
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(a) (b)

Figure 2.3: Examples of loading bays in downtown Seattle. (a) Vehicle door of loading bay,
(b) detail of loading dock inside loading bay

• Exterior loading dock (Figure 2.1). A loading dock that is located outside of

building exterior wall. Exterior loading docks can be completely open to the sky or

partially or completely covered by a canopy or upper part of the building. Additionally,

exterior loading docks can also include inside loading platforms, where trucks dock the

cargo compartment to a dock door.

(a) (b)

Figure 2.4: Examples Of exterior loading docks in downtown Seattle. (a) Loading dock with
platform inside building, (b) loading dock with platform outside the building
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• Exterior loading area (Figure 2.1). Space for loading and unloading located out-

side of building exterior walls and without a loading dock. Exterior loading zones can

be completely open to the sky, or partially or completely covered by a canopy or upper

part of the building.

(a) (b)

Figure 2.5: Examples of exterior loading areas in downtown Seattle. (a) Loading area
accessed from street, (b) loading area in alleyway

To summarize, there is a handful of studies that collect data about private freight parking

infrastructure through direct observations or surveys of building managers. Property history

research is an alternative data collection method but there are not examples of private freight

parking databases built through this method.
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The existing databases include facilities in dense urban areas such as CBDs and the study

areas are different in size, from an area of 20 city blocks in Toronto to an area of 522 city

blocks in Seattle. The comparison between studies is difficult as these infrastructures receive

different names without an explicit definition including terms like loading bays, loading

berths, freight docks and freight doors. The first typology of these facilities is built by

Goodchild et al. [13] who coin three definitions based on observable characteristics of the

infrastructures: loading bay, exterior loading area and exterior loading dock.

The current approaches to build detailed inventories of these infrastructures are limited.

The cost and time required by surveys through direct observations can result in barriers

for local governments aiming to build city wide inventories. Inspecting 522 city blocks to

document 246 facilities can take up to 210 person-hours just of field data collection tasks;

additional costs may come from building the survey form, buying measurement instruments,

data quality control and workforce management [13]. The property history research approach

may be impractical at a city-wide scale because it is potentially time consuming due to the

fragmentation of data sources. The use of partial data such as land use may also make this

method to be inaccurate compared to surveys of building managers and direct observations.

The author will further explain the inaccuracies related to the use of land use data in Section

2.2.

There are not applications of predictive methods to identifying the location of private

freight parking across a city's entire building stock. This approach has helped to overcome

similar data collection barriers in analogous urban policy challenges. For instance, the appli-
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cation of building energy conservation measures requires costly and time consuming audits

to determine building eligibility and implementation costs of these measures.

Marasco et al. [19] explored ways to utilize available data to identifying and predicting

building retrofit opportunities to improve building energy conservation. Predictions can

increase the impact of audits and provide alternative rapid assessment tools. In a similar

manner, there is an opportunity to use predictive approaches for the identification of potential

private freight parking location.

2.2 Predictive factors of the location of private freight parking

Land use data could be a partial predictor of the presence of private freight parking. In

fact, there is anecdotal evidence supporting this hypothesis; Pivo et al. [26] found that truck

drivers in Seattle relate off-street truck parking spaces to specific types of buildings and land

uses such as urban office building ground-floor or underground facility, urban grocery or

commercial store, and suburban grocery or commercial store.
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On the other hand, land use data may not fully explain the variance in the location of

these facilities because:

• A significant fraction of the built environment may be made of buildings constructed

before zoning laws (i.e. pre-zoning). For instance, 85% of buildings in New York are

pre-zoning [22].

• The absence of strong regulations or enforcement regarding loading space requirements

in buildings could have led to fail at ensuring the development of these spaces.

• Owners and managers of commercial real estate have not highly prioritized freight

deliveries and do not see private freight parking as a marketing tool [20]

• Some existing buildings could have been retrofitted to build or remove private freight

parking.

Morris [20] looked into CBD's commercial buildings of different quality levels and their

freight loading/unloading facilities (Table 1). This work considers the following list of build-

ing features without statistically testing their relationship with the presence of freight parking

facilities:

• Size

• Year built

• Number of floors
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• Rent per square foot

• Building finishes

• System standards and efficiency

• Building amenities

• Location/accessibility

• Market perception

To conclude, the results of this literature review indicate that building and parcel data

should be used as alternative data sources for the prediction of the location of private parking

for loading and unloading because they contain detailed change information. They are

available in digital format and can be updated on a regular basis as more local government

agencies utilize GIS for creating and maintaining parcel maps.
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Chapter 3

DATA AND METHODS

3.1 Data selection and preparation

These data sources used in this work are the following:

• Private freight infrastructure (PFI) survey in Seattle: Goodchild et al. [13]

built this dataset that includes loading bays and docks in four neighborhoods of Seattle:

Uptown, South Lake Union, Downtown, International District and Pioneer Square.

• King County Parcel dataset: includes data about the property parcel, buildings

and accessory structures and parcels' history of changes [7].

The author selected a subset of the parcel dataset that matched the extension of the

PFI dataset. Furthermore, some processing of the data was required to set the parcel as

the unit of analysis and have values of the variables in the dataset at the parcel level. This

was necessary because the relationship between the parcel datasets is a one-to-many, that

is, each parcel can have one or more private freight infrastructures, accessories and changes

in their history.

The author used the geolocation of private freight infrastructures in the PFI dataset to

create a categorical variable (INF YN) indicating if the parcel had these facilities with two
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values of the variable: 1 – Yes, 2 – No. Figure 3.1 shows the result of this transformation

for each of the 2282 parcels in the PFI survey area.

King County parcel dataset include and extensive list of parcel features. Based on the

literature review and a preliminary analysis ten variables were preselected and grouped in

the following categories (see Table 3.1):

• Land use: refers to the best use of the parcel based on appraisal judgment, zoning

and history of the parcel. It is used as a proxy of the requirements of freight parking

space that come from city's land use codes and the functionality of the property.

• Size: includes variables related to the size of the parcel lot and its buildings.

• Accessory features: describe the presence of structures in the parcel that in some

cases are related to parking infrastructure.

• History of changes: describe the history of physical and legal changes made to the

parcel. This variable helps to account for possible retrofits to buildings that resulted

in freight parking infrastructures being built or removed.
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Figure 3.1: Parcels with and without private freight infrastructure in the PFI database study
area
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Table 3.1: Variables included in the analysis

Category Variable

Land use

Best use as if vacant is retail or wholesale

Best use as if vacant is temporary lodging

Best use as if vacant is manufacturing

Size

Mean gross area of commercial buildings in parcel (sqft)

Square footage of lot (sqft)

Mean number of stories of commercial buildings in parcel

History of
Count of changes in history of the parcel

changes

Accessory There is an accessory structure related to covered or open parking

features There is an accessory structure related to other types

different to covered or open parking
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3.2 Descriptive analysis

Table 3.2 describes a cross-classification between land uses of the parcel and the presence of

freight parking infrastructures. The categories that showed the highest proportion of parcels

with off-street infrastructure were Cultural (42.86%), Amusement/Entertainment (10%) and

Temporary lodging (17.65%).

According to Seattle's code (Figure 2.1), high demand uses include warehousing/retail,

manufacturing and commercial services and have higher requirements of loading space.

Parcels in the study area with these uses showed private freight infrastructure in 11.90%

of commercial services, 10.71% of manufacturing and 4.35% of retail and wholesale parcels.

The author assumes that can improve the accuracy of estimates by developing models

specific to similar land uses. This approach has been previously used in the building en-

ergy performance literature that includes models specific to uses such as commercial and

residential [30, 19]. For these reason, this thesis is focused on building a predictive model

specific to parcels with a predominant commercial use including commercial services (1227

parcels), warehousing/retail (276 parcels) and manufacturing (28 parcels). To achieve this,

the parcels with these three uses were selected to calibrate the model resulting in a sample

of 1531 parcels of which 161 (10.52%) have private freight parking infrastructure.
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Table 3.2: Cross-classification of parcel use type and

presence of freight infrastructure

Best Use as if Vacant
Private Freight Parking Infrastructure

No Yes

Cultural
57.10% 42.90%

(8) (6)

Amusement/Entretainment
90.00% 10.00%

(9) (1)

Temporary lodging
82.30% 17.70%

(42) (9)

Mixed use
84.20% 15.80%

(48) (9)

Commercial service
88.10% 11.90%

(1081) (146)

Manufacturing
89.30% 10.70%

(25) (3)

Regional land use
90.30% 9.70%

(28) (3)

Retail/Wholesale
95.60% 4.40%
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Table 3.2 continued from previous page

Best Use as if Vacant
Private Freight Parking Infrastructure

No Yes

(264) (12)

Multi-family dwelling
96.00% 4.00%

(432) (18)

Single family
100.00% 0.00%

(71) (0)

Duplex
100.00% 0.00%

(2) (0)

Triplex
100.00% 0.00%

(2) (0)

Group residence
100.00% 0.00%

(4) (0)

Mobile home
100% 0.00%

(1) (0)

Educational service
100.00% 0.00%

(3) (0)

Park/Recreation
100.00% 0.00%

(14) (0)
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Table 3.2 continued from previous page

Best Use as if Vacant
Private Freight Parking Infrastructure

No Yes

Grand total
90.80% 9.20%

(2034) (207)

Descriptive statistics of the subset of 1531 commercial parcels is shown in Table 3.3,

including all the independent variables preselected as predictive factors in the random forests

model.

The variables related to size the parcel and its commercial buildings indicate a positive

relationship between size and presence of private freight parking infrastructures. The stock

of commercial buildings in the group of parcels with these infrastructures averaged a mean

square footage six times bigger than the building stock in parcels lacking private freight

parking. Moreover, 75% of the parcels with these infrastructures had commercial buildings

that averaged 12 stories high or less while the equivalent number of stories for parcels without

private freight parking was only three. In a similar manner, parcels with private freight

parking were approximately three times bigger in average terms than parcels without these

facilities.

There were eight parcels with private freight parking that did not have commercial build-

ings. There are two possible explanations for this, the first being that other types of buildings

such as residential structures may also be equipped with these infrastructures. It is also pos-
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sible that the King County parcel dataset is not up to date and newly constructed commercial

buildings with private freight parking have not been entered in the database yet. For the

scope of this thesis, the cases of parcels with private freight parking and no commercial

buildings will be considered in the model as if the corresponding commercial building gross

square footage and number of stories were zero. This supports the idea that these facilities

may not only be found in commercial buildings.

The information related to accessory structures is insufficient to derive meaningful con-

clusions. Less than 60 parcels had accessory structures of any type including covered and

open parking and other types of structures. Furthermore, only eight parcels with private

freight parking showed accessory structures related to parking. Due to the limited sample

size, these variables were ruled out of the final model.

Information about changes in the history of the parcel does not show determinative

trends. Parcels with private freight parking tend to have slightly more changes in their

history with 46.85 changes in average, approximately six more changes than parcels without

these infrastructures. 75% of parcels with private freight parking had 52 changes or less

whereas in the case of parcels without private freight parking this number was 45 changes.

Table 3.4 shows the different types of changes and their frequencies for the 1531 commercial

parcels considered in the analysis. The most frequent type of change was char update that

relates to updates of characteristics of the parcel.
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Table 3.3: Statistics of predictors for three groups: all

sample of parcels, parcels with PFI and without PFI

Variable Statistic All
Parcels without Parcels with

PFI PFI

INF YN (presence of PFIs) Sample Size 1,531 1,370 161

Min. 0 0 1,885.00

1st Quartile 6,480.00 6,480.00 14,110.00

Median 10,440.00 8,734.00 25,920.00

Square footage of lot 3rd Quartile 17,470.00 14,400.00 42,840.00

Max. 381,900.00 381,900.00 177,700.00

Mean 16,610.00 14,600.00 33,710.00

Sandard Dev. 22,719.96 21,098.41 28,258.13

Min. 0 0 0

1st Quartile 0 0 39,200.00

Median 9,520.00 7,021.00 157,100.00

Mean gross area of 3rd Quartile 51,360.00 33,540.00 380,300.00

commercial buildings Max. 1,952,000.00 1,545,000.00 1,952,000.00

Mean 71,480.00 46,920.00 280,500.00

Sandard Dev. 179,463.14 126,826.70 348,182.90

Min. 0 0 0
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Table 3.3 continued from previous page

Variable Statistic All
Parcels without Parcels with

PFI PFI

1st Quartile 0 0 3

Median 2 1 6

Mean number of stories of 3rd Quartile 4 3 12

commercial buildings in parcel Max. 76 46 76

Mean 3.62 2.81 10.51

Sandard Dev. 6.89 5.16 13.14

Min. 9 9 13

1st Quartile 34 34 40

Median 39 39 45

Count of changes in history 3rd Quartile 46 45 52

Max. 104 94 104

Mean 40.97 40.28 46.85

Sandard Dev. 10.13 9.69 11.78

Accessory Parking Count 57 49 8

Accessory Other Count 50 47 3

The age of the commercial building stock was not considered as a predictor in the analysis

because the use of this variable would result in a significant reduction of the sample size.
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Table 3.4: Types of changes in parcel's history and their frequency

Types of change Frequency

Char Update 57,653

Transfer 139

New Parcel 4

Levy Code 2,632

Board Order 1,218

Seg Merge 524

Legal Change 443

Kill 11

Unkill 32
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Age of commercial buildings is information not applicable for parcels without these types

of buildings, that is a total of 450 commercial parcels and 30% of the sample. Under the

assumption that the input of missing values is not an applicable approach in this case, 450

parcels would be excluded from the analysis if commercial building age is considered.

Table 3.5 shows statistics of the age distribution of commercial buildings. These results

are informative but will not be further considered in the analysis with random forests for

the reason stated above. The parcels with private freight infrastructure tend to have newer

commercial buildings with 50% of these parcels having buildings built on 1978 or previously

and 75% having buildings from 2001 or earlier years. On the other hand, 50% of the parcels

without private freight parking had buildings that dated from 1932 or earlier and 75% had

buildings from 1970 or before that year.

Table 3.5: Age distribution of commercial buildings stock

Variable Statistic All Parcels without PFI Parcels with PFI

Sample size 1,081 928 153

Min. 1900 1900 1900

1st Quartile 1917 1915 1929

Oldest year built of commercial Median 1945 1932 1978

buildings in parcel 3rd Quartile 1979 1970 2001

Max. 2016 2016 2016

Parcels without
450 442 8

commercial buildings
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3.3 Classification trees and random forests

Roughly speaking, there are two steps in the process of building a classification tree (James

et al., 2013):

• A. The predictor space, that is a set of possible values for X1, X2, . . ., Xp, is divided

into J distinct and non–overlapping regions, R1,R2, . . . , RJ .

• B. For every observation that falls into the region Rj , the same prediction is made,

which is simply the most commonly occurring class of training observations in Rj.

Bootstrapped aggregating, also called as bagging, is a machine learning technique to

reduce the variance between models calibrated with different samples. Bagging is also used

to avoid overfitting. Though the mathematical theory and proof is beyond the scope of this

master thesis, bagging trees are the result of averaging the prediction of multiple decision

trees calibrated with different bootstrapped training sets. Bootstrapped samples or training

sets are obtained by uniformly sampling form the original training set with replacement. The

author of this thesis refers the reader to James et al. [14] for a more thorough explanation

of the machine learning techniques used in this research.

Bagged trees are not effective in the case of having a strong predictor with moderately

strong predictors because all bagged trees tend to use the strong predictor and be similar

to each other. This is problematic because averaging many highly-correlated quantities does

not effectively reduce variance as averaging many uncorrelated quantities.
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Random forests provide an improvement over bagged trees by decorrelateing the trees.

Bagged trees are also built with random forest but each time a split in a tree is considered, a

random sample of m predictors is chosen as split candidates from the full set of p predictors.

The split can use only one of those m predictors. This process allows to make the average

of the resulting trees less variable and hence more reliable.

One disadvantage of the collection of bagged classification trees is that these are much

more difficult to interpret than a single tree. However, we can obtain an overall summary

of the importance of each predictor by adding up the total amount that the Gini index is

decreased by splits over the given predictor, averaged over all B trees.

3.4 Cross-validation method and unbalanced data

There are two parameters that can be tuned in the calibration of random forests:

• m predictors: number of predictors used to build decision trees on bootstrapped

training samples

• B trees: number of trees built on bootstrapped training samples.

The number of trees B is not a critical parameter with bagging; using a very large value

of B will not lead to overfitting. In practice, we use a value of B sufficiently large that

the error has settled down, which was set to 500 trees. Regarding the tuning of number

of parameters m, the author chose its optimum value as the one that maximizes the area

under the Receiver Operating Characteristic (ROC) curve, also called AUC, through 10-fold
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cross-validation.

The distribution of the outcome variables is unbalance with over 90% of parcels without

private freight infrastructure. The investigation of this aspect is important because even if

the model shows high accuracy (e.g. over 90% of cases correctly classified) this could only

be a manifestation of the distribution of the outcome. In other words, a model that always

predicts INF YN' = 0 would have a 90% accuracy and could be wrongly considered as a

valid model.

To consider the problem of unbalance sample, the author will investigate the confusion

matrix to evaluate the True Positive Rate (TPR) and True Negative Rate (TNR). TPR,

also called Sensitivity is the proportion of positive outcomes correctly classified as such, in

other words, it indicates the proportion of parcels with private freight infrastructure that

are correctly classified by the model. True negative rate (TNP) or Specificity relates to the

proportion of negatives correctly classified as such.



33

Chapter 4

RESULTS AND DISCUSSION

Table 4.1 shows the 10-fold cross-validation with random forests. Model parameters are

estimated for each of the 10 folds and averaged to obtain the final value. The results include

the following information:

• Area under the ROC curve (AUC): To obtain the optimum value for the m

parameter, The author tested four possible values: p, p/2, p/3 and p/4 where p is

the number of predictors of the model (i.e. 9 predictors). The optimum value of

m maximized the average AUC between the 10 folds of the cross-validation process.

Therefore, optimum m was p/2 = 4 predictors and resulted in a AUC of 0.815.

• Optimum probability cutoff point (Opt Cutoff). Indicates the probability

threshold of the classifier that maximizes the TPR and TNR. Our results indicate that

a cutoff threshold of 9.4% would result in a TPR of 82.1% and a TNR of 72.9%. That

is, the classifier would result in a 22.5% misclassification rate if probability estimates

of 9.4% or greater are labeled as parcels with private freight parking.

• TPR and TNC with a cutoff point of 50%.TPR and TNR are also estimated

for a traditional cutoff threshold of 50% and show that the improvements resulting of
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estimating the optimum cutoff point are large. TPR would only be 20.6%, that is, the

model would miss 79.4% of the commercial parcels with private freight infrastructure.

Table 4.1: Cross-validation results with random forests

m =
AUC

TPR TNP Opt TPR TNR

(cutoff 50%) (cutoff 50%) Cutoff Opt Opt

p p/2 p/3 p/4 p/2 p/2 p/2 p/2 p/2

Fold 1 0.815 0.829 0.853 0.691 0.188 0.979 0.102 0.812 0.75

Fold 2 0.882 0.807 0.755 0.846 0.111 0.927 0.092 0.833 0.758

Fold 3 0.677 0.853 0.797 0.809 0.25 0.992 0.09 0.85 0.791

Fold 4 0.787 0.925 0.774 0.824 0.1 0.961 0.144 1 0.827

Fold 5 0.781 0.82 0.874 0.847 0.278 0.941 0.09 0.889 0.695

Fold 6 0.836 0.729 0.86 0.752 0.267 0.959 0.092 0.667 0.69

Fold 7 0.676 0.763 0.907 0.812 0.111 0.979 0.07 0.722 0.704

Fold 8 0.772 0.832 0.749 0.862 0.308 0.979 0.032 0.923 0.607

Fold 9 0.838 0.799 0.81 0.8 0.333 0.926 0.146 0.733 0.785

Fold 10 0.843 0.79 0.738 0.857 0.111 0.992 0.08 0.778 0.68

Mean 0.791 0.815 0.812 0.81 0.206 0.963 0.094 0.821 0.729

The results also indicate what variables where more important in the prediction of private

freight parking location based on Gini Index values see Figure 4. Variables related to size

were the most important predictors having in order of decreasing importance the mean gross
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square footage of commercial buildings, area of the parcel lot and average number of stories

of commercial buildings. This result is in line with Morris [20] results that suggested a

relationship between the size of commercial buildings and the presence of freight facilities.

The count of changes in the history of the parcel followed size variables in terms of

importance. The interpretation of this result is not straightforward and further research is

necessary to derive further conclusions. The history of changes in the parcel could relate

to physical changes that upgraded the structures in the parcel to have freight facilities.

However, there is little information available to further explore this hypothesis including a

detailed description of change history types and if the private freight parking resulted from

new construction or a structure retrofit. On the other hand, the amount of changes could

be correlated to the number of buildings in the parcel and their age, with older structures

having more changes. Morris [20] results suggested that newer structures tend to have more

freight facilities. However, the number and age of structures in the parcel was not controlled

in the random forest model and the author cannot further explore this hypothesis.

Land use variables had almost no importance indicating that compared to size and change

history variables, it is irrelevant if the parcel is best use as for manufacturing, commercial

services or retail/wholesale.
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Figure 4.1: Predictor importance from random forests results

The model developed with this research should be applicable to locations other than

Seattle's CBD. Transferability may hold reasonably well between CBDs with similar land

use, density, contemporary economic growth, and building construction patterns, and urban

development.

Seattle's CBD is a product of the pre-World War II period, when metropolitan employ-

ment was more concentrated. After World War II, cities were built to function around the

automobile and suburbanization exploded in late 1940s and 1950s. Based on the percentage

of dwelling units constructed before 1940, Seattle ranks the number 25 out of US metropoli-

tan areas over 1 million population in 2010 [8]. Seattle's share of pre-WWII dwelling units in

the metropolitan area is 11.1% and in the historical core is 29.9%. Similarly, New Orleans,
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LA, Portland, OR, and Detroit, MI are other pre-WWII historical core municipalities with

equivalent age distribution of dwelling units.

Table 4.2 and Table 4.3 show a comparison of US CBDs in metropolitan areas over 1 mil-

lion population in 2010 conducted by Cox [9] based on data from the American Community

Survey 2006-2010. Seattle CBD's employment in 2010 was 163,830 people and represented

9.7% of the employment in the metropolitan area (see Table 4.2). That places Seattle in the

8th position in terms of relative size of CBD closely followed by New Orleans, LA, (9.6%)

and Denver, CO (9.6%) [9]. Additionally, 37% of Seattle's CBD employment were transit

commuters, placing Seattle in the 7th position in terms of the share of transit commuting

to CBD's jobs (see Table 4.3). This rank also includes Portland, OR, another Pacific North

West city like Seattle, in the 10th position with 27% transit share between CBD's commuters.

Seattle is experiencing exceptional growth and is one of the fastest-growing cities in the

US. The City is adding nearly 20,000 city population a year since 2010 resulting in 703,352

inhabitants and a 3.1% growth rate between 2014 and 2015 [4, 6]. This places Seattle as

the nation's 10th-densest, following Miami, Los Angeles and Long Beach. Seattle has had

a strong economy since 1980s, with the rise of Microsoft. Nowadays, the city is a company

town with companies such as Amazon, which has more office space than the next 40 biggest

employers combined [6]. This growth impacts the urban fabric and Seattle's downtown

Skyline, which as of mid-2016, had 16 projects of new construction skyscrapers [15].

To conclude, the selection of candidate CBDs to transfer this model should be based

on a comparison of metrics such as CBD's employment share in the metropolitan area,
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transportation mode share of CBD commuters, age of urban fabric, density and economic

and population growth. These metrics represent key factors that influence decision making

regarding the urban fabric.
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Table 4.2: Rank of U.S. metropolitan areas based on CBD's employment share

Rank Metropolitan Area CBD Employment Metropolitan Area Employment CBD Share

1 New York, NY-NJ-PA 1,981,305 8,983,981 22.10%

2 San Francisco-Oakland, CA 297,420 2,069,673 14.40%

3 Washington, DC-VA-MD-WV 379,215 2,892,018 13.10%

4 Richmond, VA 56,815 498,175 11.40%

5 Chicago, IL-IN-WI 500,450 4,407,655 11.40%

6 Boston, MA-NH 242,900 2,279,803 10.70%

7 Hartford, CT 62,520 589,357 10.60%

8 Seattle, WA 163,830 1,690,490 9.70%

9 New Orleans. LA 49,250 510,454 9.60%

10 Denver, CO 119,565 1,252,889 9.50%

11 Louisville, KY-IN 54,245 591,742 9.20%

12 Cleveland, OH 85,235 958,330 8.90%
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Table 4.3: Rank of U.S. metropolitan areas based on transit mode share between CBD
commuters

Rank Metropolitan Area CBD Transit Commuters CBD Employment Transit Market Share

1 New York, NY-NJ-PA 1,517,749 1,981,305 76.60%

2 Chicago, IL-IN-WI 287,245 500,450 57.40%

3 Boston, MA-NH 126,735 242,900 52.20%

4 San Francisco-Oakland, CA 150,724 297,420 50.70%

5 Washington, DC-VA-MD-WV 178,500 379,215 47.10%

6 Philadelphia, PA-NJ-DE-MD 105,869 239,625 44.20%

7 Seattle, WA 60,604 163,830 37.00%

8 Pittsburgh, PA 29,920 92,010 32.50%

9 Minneapolis-St. Paul, MN-WI 31,320 99,315 31.50%

10 Portland, OR-WA 22,970 85,195 27.00%

11 Los Angeles, CA 30,709 136,585 22.50%

12 Denver, CO 23,660 119,565 19.80%
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Chapter 5

CONCLUSIONS

Data collection of private freight parking can be costly and time consuming at a city-wide

scale, resulting in investments that are not feasible for some local governments. These barriers

can be effectively overcome by applying data-driven empirical models that use currently

available information.

In combination with data collection through direct observations, the model developed

in this thesis an easily accessible low-cost option. For instance, the PFI survey in Seattle

investigated 2262 parcels in three dense urban neighborhoods of the city taking 210 person-

hours just in data collection in field. The model developed could have correctly ruled out 73%

of commercial parcels without freight parking infrastructure. Considering that 1370 of these

parcels were commercial parcels without these facilities, data collectors could have avoided

visiting over 1,000 parcels at the cost of missing 17.9% of the parcels with infrastructures,

that is, 28 parcels.

The presence of private freight loading/unloading infrastructure can therefore be pre-

dicted based on observable characteristics of the built environment with a reasonable level

of error. This solution has minimal cost and cities can implement it right away in planning

processes because data is readily available.
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Future research can add evidence that support the transferability of the results in Seattle

for other cities CBDs. The author recommends the selection of candidate CBDs based on

a comparison of metrics such as CBDs employment share in the metropolitan area, trans-

portation mode share of CBD commuters, age of urban fabric, density and economic and

population growth. Furthermore, models specific to other types of parcels such as residential

need to be developed to provide local governments with a complete suite of tools that allow

to estimate the location of private freight parking at a city-wide scale.
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