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Abstract: The common methodology for distributing External-Internal (EI) trips is to collect 
traffic counts at the cordon line of a study area and to use total employment of the internal 
zone as the factor upon which zone attractiveness can be based. This methodology assumes 
that trips originating from outside the study area have a destination within the study area 
which is towards areas that are suitable for employment. However, depending on the type 
of employment at the destination, the attraction may vary. This paper examines different 
employment-based which makes the zones attractive for external trips. The paper concludes 
that the three scenarios in which the land use variables are utilized, indicate more improvement 
than those without considering the land use mix. A combination of retail employment and 
the number of different land-uses at the destination was the best possible methodology to 
determine external trip attraction within a study area. Furthermore, simply switching from 
total employment to retail employment at the destination location can also improve the 
accuracy of the travel model.
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1. Introduction 

A region may attract external trips depending 
on how much more it is more attractive 
compared to its surrounding regions. accurate 
estimation of external trips for the region 
is a key component behind the successful 
implementation of any well-defined travel 
demand model. For modelling simplicity, 
researchers have categorized external trips 
on the basis of the home locations of the 
individuals with respect to the modelling 
region i.e. the study area (Baqueri et al., 
2018). A key element of concern, as already 
mentioned, in these travel demand models 
is that the non-residents external trips are 

made by individuals living outside the study 
area, whereas the primary resources of data 
collection focus on the individuals living 
inside the study area. Non-residents external 
trips are further categorized in the literature 
on the basis of the destination of the trips. 
The trips that have the destination within 
the study area are termed as external-internal 
(EI) trips while the trips that have both ends 
outside the study area but crossing through 
the study area are called as external-external 
(EE) trips. Furthermore, there is not a direct 
way to collect travel data for those living 
outside the community. Which informs on 
the reason for limited number of studies on 
external trips.
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Non-residents external trips coming towards 
a study area seek destinations based on the 
socioeconomic factors such as the availability 
of the employment at the destination (for 
either working, shopping, educational, 
medical, or other purposes), land use (Van 
Wee, 2009; Cao, 2010; Mokhtarian and Cao, 
2008; Gim, 2013; Gehrke and Clifton, 2016) 
and road infrastructure (capacity and travel 
time of the transportation system) (Abedin 
and Mehrabi, 2019; Abedin et al., 2019). 
Therefore, understanding the relationship 
between the land use characteristics and 
external tr ips is the key to accurately 
estimate external tr ips and ultimately 
making travel demand models as accurate as 
possible. EI trips models seek to assign trips 
from outside the study area to appropriate 
locations within the study area. However, 
current modeling practices around the US 
assign EI trips to locations on the basis of 
the total employment in the area, regardless 
of the effect of the type of employment and 
the variety of the land-uses in the area. This 
study, however, intends to evaluate if the 
type of employment, retail or non-retail at 
the destination location, and the variety of 
land-uses at the destination contribute to 
the likelihood of attracting EI trips.

This paper aims to address by describing 
a case study on Huntsville, AL in which 
different trip attraction scenarios were 
examined to determine the combination 
of employment type and land-use variety 
that produced the best traffic assignment 
model. Then, the model was validated and its 
transferability to other communities within 
Alabama was checked.

The next section of this paper presents 
an overview of the research work done on 
modelling external trips. The following 
sect ions present the data col lect ion, 

methodology and the results obtained. The 
last section provides a concluding discussion.

2. Literature Review

There is limited scientific literature available 
that explicitly tries to estimate external trips. 
This is basically because usually, limited 
information is available about the region 
outside the study area.

The available literature estimates external 
trips through external surveys that are 
performed at the external stations of a 
study area for a specific time period. The 
external stations are the gateways used to 
enter or exit the study area. For modelling 
EI trips through external surveys, the 
entry and exit stations for each vehicle 
are marked through the Bluetooth devices 
placed at the stations. However, modelling 
EI trips through external surveys is quite 
an extensive task as the device needs to be 
placed at each Traffic Analysis Zone (TAZ) 
within the study area. This can be quite a 
cumbersome task because, depending on the 
study area’s size, there can be even hundreds 
or thousands of such zone. To overcome 
this issue, researchers have tried to develop 
models that determine the number and 
destination of EI trips on the basis of the 
size and the land use characteristics within 
the study area like population (Anderson, 
2005) and employment opportunities (Qian 
et al., 2012) respectively.

From modelling perspective, a lot of efforts 
have been put to estimate the external 
trip generation (Doustmohammadi et a.,l 
2016). This is because of two reasons. 
First, generation data collection is easier 
because the EE/EI entry/exit points are 
always limited and related. Second, there 
is abundant data available that can be used 
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in modelling external trip generation. For 
example, Average Daily Traffic (A DT) 
(Anderson et al., 2006), highway capacity 
from where the trips enter the study area 
(Han and Stone, 2008), heavy traffic on the 
highway (Khan and Anderson, 2014).

W hile such richness in the explanatory 
variables in not difficult to obtain for within 
the study area, the actual EI trip distribution 
data is an enormous undertaking). However, 
accurately determining the destination for 
TAZ of EI trips is important because they 
are performed within the region of interest. 
A limited number of studies that already 
walked the path tried to address this limited 
information through oversimplification in 
either the models or the approach, see for 
instance (Qian et al., 2012).

For modeling EI trips, a simpler approach 
has been proposed in the literature where the 
trips that have at least one end i.e. origin or 
destination in the study area are combined 
estimated (Huntsinger and Ward, 2015). 
Simply put, the study aggregated the external 
trips that had at least one end in the study 
area to total trips irrespective of separately 
accounting for the origin and destination 
location related to the study area. This 
approach, however, limits the input in the 
traffic assignment where the EI and Internal-
External (IE) split is arbitrarily provided. 
Such a model demonstrated little usability 
from a practitioners’ point of view as these 
numbers cannot be fed into a travel demand 
for further modelling and policy tests.

Studies have also explored the relationship 
between travel and land use, either in 
mag n it ude (Gi m, 2 013; Cao, 2 010; 
Mokhtarian and Van Herick, 2016) or variety 
of land uses (Cervero and Duncan, 2006; 
Gehrke and Clifton, 2019; Zhang and Zhao, 

2017). However, a more realistic approach is 
to utilize the detailed land use data available 
for the study area for modeling EI trips 
(Baqueri et al., 2019).

A s ment ioned,  t here a re nu merou s 
difficulties encountered in external trips 
data collection (e.g. they are disruptive, 
expensive and time consuming). This 
also affected the variety in the statistical 
modelling; the focus of modelling attempts 
is on estimating attraction factors applying 
regression models. For example, based 
on Huff probability, (Anderson, 2005) 
incorporated an economic factor into the 
multiple linear regression equation for 
estimating External-External (EE) trip 
attraction. (Qian et al., 2012) with taking 
advantage of availability of employment 
data, developed multiple linear regression 
and the result revealed that Mining industry 
and AER (arts, entertainments, recreation 
services) can be attractive factors for small 
and medium communities respectively. 
W hile multiple linear regression model 
has been widely used in the literature for 
estimating external trip attraction, it imposes 
some limitations like predicting the number 
of trips below zero. Therefore, some other 
studies developed more advanced models 
to estimate external trips. For instance, 
(Talbot et al., 2011) applied multinomial 
logit regression using road and demographic 
data for the purpose of distributing external 
trips between all external stations. However, 
the studies show that gravity model has a 
priority over regression models. In a recent 
study, Cordera et al., 2018) compared Poisson 
regression with the gravity model and the 
result showed that the gravity model, under 
some restrictions, has a better performance 
in distributing the trips than a regression 
model without constraints (Cordera et al., 
2018).
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Therefore, the present study aims to consider 
the advantages of gravity model to evaluate 
the relationship between land use types  and 
distribution of E-I trips. 

2.1. Investigating the Association of Land 
use Mix and Traveling

some prev ious studies (Manaugh and 
Kreider, 2013; Mavoa et al., 2018; Munshi, 
2 016) u sed t he most re lev a nt bu i lt 
environment representing “Diversity”. 
These indices such as entropy index and 
dissimilarity index can quantify the land 
use mix and land use balance respectively 
(Munshi, 2016). However, the limitation 
of such indices is that, they need to be 
normalized. However, there are some 
extreme cases where these indices cannot 
behave normally. Therefore, we made new 
indices as input for modelling trip attraction 
based on magnitude and mixed land uses. 
These indices, which are further explained 
in the methodology section, are robust, 
providing good measures and easy-to-collect 
data. Generally, the contribution of this 
study can be explained in three different 
points:

1. Modelling EI trip distribution within 
t he st udy a rea t h rough la nd use 
variables;

2. Making new and data-light indices for 
both magnitude and mixed land uses;

3. Using the indices as inputs in the gravity 
model for six different scenarios.

3. Methodology

The case study described in this paper 
focuses on apply ing di f ferent EI tr ip 
distribution scenarios to decide if there is 
any better option for defining the external 
tr ip distr ibution on the basis of total 

employment. The method compares six 
different scenarios that were capitalized on 
both the number of employees in the zone, 
by type, and the number of different land-
uses in the zone.

The first scenario examines only the type 
of employment, to determine if there is a 
difference in using retail, non-retail or total 
employment as the distribution factor for 
attracting EI trips. The total number of EI 
trips entering the study area is distributed 
among destination TAZs by considering 
the ratio of employment for each type in the 
zone and the maximum value of employment 
for that type (Total Employment Index 
(TEI)).Similarly, the Retail employment 
and Non-retail employment values are used 
to build the Retail Index (RI) and Non-retail 
Index(NRI) respectively. See Equation (1-
3). The index is then used for each zone and 
multiplied by the total number of trips.

Retail value/(Max retail) =RI (1)

Nonretail value/ (Max Nonretail) = NRI  (2)

(Retail + Nonretail)/    (Max(Retail + Nonretail)) 
= TEI  (3)

The second scenario, examined in this work, 
focuses on the combination of employment 
by type and the impact of multiple land-uses. 
The values tested are shown in Equation 
(4-6):

Retail value/(Max retail) + LU/(Max LU) = 
RLUI  (4)

Nonretail/(Max Nonretail) + LU/(Max LU) = 
NRLUI  (5)

Retail/(Max Retail) + Nonretail/(Max Nonretail) 
+ LU/(Max LU) = TELUI  (6)
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Where, LU represents the number of land 
use type, TE is total employment. R and NR 
indicate retail and non-retail respectively.

The trip distribution is performed using a 
gravity-based model (Cascetta et al., 2013). 
The gravity model is formulated as a function 
of impedance between origin and destination 
TAZ which in this case is the travel time 
(Mishra et al., 2013). The gravity model 
equation is shown in Eq. 7.

 (7)

Where, T is trip for purpose k from zone i to 
j, P is Production for trip purpose k in zone 
i, A  represents Attraction for trip purpose k 
in zone j, and F indicates Friction factor for 
trip purpose k between zone i and j.

A f t e r  mo d e l i n g ,  Va l id a t ion of  t he 
methodologies tested was performed by 
examining the total assignment for the 
Huntsville MPO model to the traffic counts. 
The statistical test was performed for each 
of six scenarios.

4. Data Collection

Huntsville metropolitan area is located in 
Madison County. This study area is quite 
attractive as competed to its surrounding 
region. The travel demand model for this 
county has been developed and maintained 
by the Huntsville Metropolitan Planning 
Organization (MPO). The model contains 
368 Traffic Analysis Zones (TAZs) that 
represent the city of Huntsville which was 
modeled using Citilabs CUBE software.

As expected, many trips in Huntsville are 
attracted from outside the study area for 
a variety of purposes. On this premise, 

this area, therefore, has been selected to 
investigate the factors inf luencing the 
destination for EI trips in Huntsville, AL.

To this end, traffic volume, socioeconomic 
(employment data for both retai l and 
non-retail), roadway network and origin/
destination data within travel demand 
model, which was originally validated for 
2005, were obtained from the Huntsville 
MPO and aggregated to TAZ. The land-
use data is also obtained from the United 
States Geographical Survey (USGS) of 2005 
to ensure that the data were compatible 
temporally.

Furthermore, the shape files of land uses 
were imported to Arc GIS 10.2 and different 
types of land uses were recognized, however, 
land-uses that would not be related to an 
urban area’s attraction such as: crop lands, 
agriculture, deciduous, ever greens and other 
kinds of forest lands, were not included 
in the modelling process. Other land use 
types were combined and categorized to 
seven categories: commercial services, 
industrial complexes, mixed urban or built-
up land, residential, transportation and 
communication services. For all TAZs, the 
numbers of land use entities within each 
zone were collected. The maximum and the 
minimum number of land uses were  ranged 
from zero to five, see Fig.1.

As can be seen in Fig 1, the downtown area 
of Huntsville is quite diverse in terms of the 
opportunities available there. Furthermore, 
many areas along major highways indicate 
diversity with the presence of the majority 
of the land uses. This is a natural process as 
many entities located themselves along the 
major highways for easy accessibility and 
also increasing relevant footprints.
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Fig. 1. 
The Map of Land use Number of Huntsville’s Traffic Analysis Zones

5. Results

This section describes the results obtained 
from fitting the gravity model using the 
variables described above. As seen in the 
f igure, the major highway on the West 
attracts the major incoming external traffic 
in the study area. It feeds the traffic from 
West such as Decatur, and from South from 
as far as Alabama and towards the study area. 
There are fewer external trips generated 
from the North and East because of the 
presence of other attractive regions which 

limits external trips to those regions such as 
Nashville in North and Atlanta in the East. 
An interesting observation that can be seen 
in the figure is that the EI trips from highway 
565 located South West of the county can be 
seen travelling all the way to the downtown 
area. However, the trips entering the study 
area from the 72-highway running East-
West are ending before reaching the center 
of the study area. A quick analysis reveals the 
region located around the 72nd highway is 
quite attractive especially with the presence 
of the university.

Fig.2. 
The E-I Trips Pattern into Huntsville for Non-home Based
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An interesting comparison can be drawn 
while comparing Fig 1 with Fig 2. Although 
the majority of hotspots are located along 
the North-South that passes through the 
downtown area (Fig 1), this highway attracts 
less EI trips as compared to the other major 
highways passing through the study area (Fig 
2). This conclusion shows that EI trips are 
not only dependent on the attractiveness 
of the study area (i.e. the opportunities 
available to perform the activities) but 
also on the opportunities available in other 
locations outside the study area from where 
these trips are originated.

5.1. Validation

EI trips modeling is performed using CUBE 
6.4.3. Furthermore, for validation, specific 
assignments for the EI trips were performed. 
The validation of the model was performed 
statistically using 607 traffic counts data 
across the Huntsville area. These were 
the same traffic counts used to validate 
the original travel demand model. For 
comparison purposes, the modeling that used 
total employment for the EI trip attractions 
was the actual model used in 2005.

The total number of EI trips was a little 
over 143,000 with a total number of trips 

for the study area just over 1,000,000. 
For visualization, the pattern of EI trips 
using “retail+ land use” is shown in Fig. 2. 
Therefore, it was expected that the different 
scenarios for EI trip distribution would 
have different level of accuracy but would 
be fairly close. The reason behind the close 
assumption was that the total number of 
EI trips were assigned slightly less than 
15 percent of the total daily trips made 
in the community. Although the number 
of trips is very small, they still constitute 
around 15% of the total trips which signifies 
the importance of accurate estimation of 
external trips up to the level of TAZs and 
rather than just the origin and destination 
of external stations.

The statistical test was applied to compare 
the performance of each factor to predict 
the EI trips of Huntsville, AL. In order 
to compare the impact of each scenario 
for distributing the EI trip factor, the 
model which was developed with TEI was 
considered as a base case scenario. Then, 
the Root Mean Square Error (R MSE) 
of each scenario was compared to the 
reference scenario to determine the relative 
attractiveness of locations. Table 1 shows the 
RMSE differences (in percent) between each 
of the five alternatives and TEI .

Table 1 
%RMSE Differences Compared with Base Case

Base Case Scenario: TEI Scenario1
NRI

Scenario2
RI

Scenario3
RLUI

Scenario4
NRLUI

Scenario5
TELUI

RMSE Improvement (%) -0.22 0.34 1.05 1.01 0.97

As expected, the result shows that al l 
the three scenarios in which the land 
use variables are utilized, indicate more 
improvement (1.05, 1.01 and 0.97) than 
those without considering the land use mix 
(-0.22 and 0.34). This signifies the influence 

of socioeconomic factors in increasing the 
attractiveness of the study area when applied 
together with the relative share of land 
uses such as commercial, transportation 
and communication, built up, residential, 
industry and other urban land use services. 
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The third scenario (RI, 1.05) shows the 
best improvement which implies the trips 
from outside the study area would likely be 
heading to high-retail-employment  locations 
which provide a large number of land-uses. 
This indicates that trips are heading to 
locations with a magnitude of shopping 
options, but desire variety as well.

5.2. Sensitivity Analysis 

To further the study and analysis of the 
results, a sensitivity analysis was performed 
using only retail and non-retail employment, 
without land-use, as it saves a variable that is 
not usually collected. This implementation 
enhances the application and transferability 
of the model to other similar regions. 

This exercise was performed with the 
intention to allow for the identification of a 
maximum point between retail and non-retail 
that might be optimal, based on the data. For 
example, if it were to be determined that the 
reasoning behind an individual selection 
of) a specific zone for the destination was 

based on 25% non-retail employment and 
75% retail employment, an ideal distribution 
would fall somewhere in-between all retail 
and all non-retail. The analysis indicated that 
the best results were obtained when 100% 
retail employment, as the attraction factor 
for EI Trips, was used (confirming the result 
showed in table 1, where improvement of RI, 
0.34 > NRI, -0.22).

Finally, to check for transferability of the 
results, the EI trip attraction methodology 
t hat used reta i l  employ ment versus 
total employment was performed. The 
transferability was accessed by transferring 
the model to Montgomery, AL; Gadsden, 
A L; and Muscle Shoals/Florence, A L 
travel demand models. These locations 
were selected because they represent small 
and medium-sized communities and are 
also located within Alabama. The obtained 
results using retail employment versus total 
employment for the EI trips attraction factor 
show that there is an improvement of 3-6 
percent in RMSE for different communities 
(Table 2).

Table 2 
Transferability and Comparison

City Montgomery Gadsden Muscle Shoals
RMSE Improvement (%) -4.7 -6.2 -3.6

6. Conclusion 

The goal of this study was to examine different 
scenarios to distribute EI trips for traffic 
models. With this premise, the trips coming 
to a study area are not necessarily heading to 
locations simply based on total employment 
but may also to retail employment and 
shopping locations within the study area. 
This is because these locations also provide a 
variety of land-use alternatives that ultimately 

allow travelers to meet their needs in a single 
location, limiting extra trips. This was 
proved by the results as the best assignment 
methodology for the EI trips was obtained 
when combination of variables, including 
retail employment and number of land-uses, 
was used. Additionally, if the inclusion of 
land-use is not considered in the model, 
simply switching the attraction parameter 
for EI trips from total employment to retail 
employment can improve model results 
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(among the scenarios not considering land use 
mixed). This was shown in the transferability 
study that included the methodology being 
implemented for other communities.

Overall, there was not a large difference 
show n in d i f ferent stat ist ica l va lues 
since the total number of EI trips is not a 
substantial number of trips compared to 
the total number of internal trips, however, 
the marginal improvement of each trip 
purpose is a contribution and by making 
indiv idual improvements to each tr ip 
purpose, the overall accuracy of the models 
will be improved. The improvements to the 
models can assist with the identification and 
prioritization of capacity projects.
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