





























some situations even evacuation order, cannot be estimated explicitly by the Cox model if
they are common to all respondents.

Joint Impact of Covariates

To assess the model performance, the joint covariate impacts were analyzed in this
subsection. Eight scenarios representing different covariate combinations were considered,
and the model predictions for different scenarios were discussed. First, a high-risk household
was defined as a household that lives in a mobile home (mobile=1) and is considered very
likely to be flooded (flood=1) during a hurricane, and a low-risk household was defined as a
household that does not live in a mobile home (mobile=0) and is not very likely to be flooded
(flood=0). A distant storm is defined as dist=7, which is about 1200 miles from the
household; a close storm is dist=0, which is within 100 miles of the household. Table 25
gives the definitions of the eight scenarios. The numbers in the parenthesis are the relative
hazards of the respective scenarios. The relative hazard is the part of the hazard function

excluding the baseline hazard (Equation 8). It can be calculated using exp(z B,x;) with

appropriate values of the coefficients and covariates. Keep in mind that the product of the
hazard and the time interval is the probability of a household to evacuate in that time interval
provided the household has not evacuated yet. With the same baseline hazard, the relative
hazard represents the relative propensity to evacuation for the time interval.

Table 25
Eight scenarios and their relative hazards analyzed with the Cox model
Type of household No s?vacuation order issued Evacpation order issued
Storm distant Storm close Storm distant Storm close
Low-risk household 1(0.047) 2 (1.000) 3 (0.081) 4(1.711)
High-risk household 5 (0.446) 6 (9.431) 7 (0.763) 8 (16.140)

Scenario 1, the reference scenario, is a low-risk household that does not receive an
evacuation order (orderper=0), and the hurricane is far away (dist=7; about 1200 miles).
The resulting relative hazard is 0.047. Scenario 2 is the same low-risk household, as in
scenario 1, but the hurricane landfall is imminent (dis=0; less than 100 miles). Its resulting
relative hazard is 1, and the relative hazards ratio is 21. Thus, the hazard of evacuation is
about 22 times as high in scenario 2 as in scenario 1 because of the change of distance.
Similarly, comparisons between scenarios 3 and 4, 5 and 6, and 7 and 8 reveal the impact of
storm distance (distant and close) on the relative hazards of both low-risk and high-risk
households with and without an evacuation order, resulting in ratios of about 21, which
indicates that facing a close storm, households are 21 times more likely to evacuate than
when facing a distant storm. Comparisons between scenarios 5 and 1, 6 and 2, 7 and 3, and 8
and 4 reveal the impact of household risk type on the relative hazards of facing distant or
close storms, with and without an evacuation order, resulting in relative hazard ratios of
about nine, indicating that high-risk households are nine times more likely to evacuate than
low-risk households. Comparisons between scenarios 3 and 1,4 and 2, 7 and 5, and 8 and 6
reveal the impact of an evacuation order on the relative hazards of both high-risk and low-
risk households facing distant and close storms, resulting in relative hazard ratios of about
1.7, which indicates that households receiving an evacuation order are 1.7 times more likely
to evacuate than households of same risk-level not receiving an evacuation order. Many
other comparisons can also reveal useful insights on different covariate impacts that are not
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covered by the above comparisons. A final comparison was made between the two extremes,
which are scenarios 1 and 8. Scenario 8 is the worst-case scenario, which is a high-risk
household facing a close storm and receiving an evacuation order, as compared to a low-risk
household facing a distant storm and not receiving an evacuation order. The ratio of relative
hazards is 343, indicating that the household in scenario 8 is more than 300 times morelikely
to evacuate than a household in scenario 1. The 3-dimensional diagram in Figure 15 presents
the relative hazards for each of the eight scenarios.
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Figure 15
Relative hazards for eight scenarios with the Cox model

From the above analysis, it seems that the Cox survival model can provide predictions of the
different impacts of the covariates on the models that are intuitively correct.

The Impact of Baseline Hazard

The baseline hazard becomes an important aspect of the Cox model when people are not only
interested in studying the impacts of covariates, but they want to predict evacuation under
different conditions. There are procedures that permit the estimation of the baseline hazard
and the coefficients of covariates simultaneously from a single likelihood function /50,51].
However, most studies use the Cox model to estimate the model coefficients and, if
necessary, estimate the baseline hazard, usually with the method mentioned in the
methodology section. One important feature of the Cox model is the separation of the
baseline hazard and the coefficients, i.e., the Cox model is a relative model and the
coefficients can be estimated without the knowledge of the baseline hazard.

In the Cox model estimation, the model likelihood ratio index p* was only 0.06, a value that does
not indicate a good model fit by common experience. However, the model did provide very good
predictions with RMSE and percent RMSE values of 1.5 and 19.7 percent respectively. This might
be attributed to the way the baseline hazard was calculated in this study. In equation 11, the
baseline cumulative hazard is calculated using the Breslow estimator, utilizing not only the
estimated coefficients and the covariates values but the number of events d; in each time interval.
The consequence of this is that errors incurred in the estimation of the Cox model might be partly
compensated for in the calculation of the baseline hazard. The estimation errors referred to could
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include the omission and mis-specification of covariates, mis-specification of functional forms,
and errors in the estimation of the coefficients. However, there is no statistical test available to
measure the GOF of the baseline hazard estimated with the Breslow estimator.

In practice, the baseline hazard may be difficult to predict. In addition, it will be more
difficult to make predictions for time intervals beyond those that are covered by the existing
data. More study is needed to find the ways to estimate the baseline hazard for conditions
beyond those encountered in the estimation data.

The Sequential Model with Southwest Louisiana (Andrew) Data

Model Prediction

The sequential logit model GOF measures how the binary logit model fits the transformed
dataset. However, the real model of interest in is the sequential model that is derived from
the series of binary models and is used to estimate dynamic travel demand. The model
validation is conducted next. The aggregation technique used in this study was complete
enumeration of all households. Fifteen percent of the Andrew data were retained for this
purpose. However, for the same reason explained earlier in this section, for each time
interval, the observed evacuation for all the subjects was compared with the factored model
predicted evacuation based on the 15 percent data. The probability of evacuation for each
household in each time interval was first calculated. Then the probabilities were added up by
time interval and compared to the observed number of evacuations for each time interval.
Table 26 gives the observed and model predicted evacuations for all time intervals. Figure
16 plots the data in Table 26.

Table 26
Observed vs. sequential logit model predicted with the Andrew validation data
Interval 1 2 3 4 5 6 7 8 9 10 11 12 | Total

Observed 3 5 11 2 0 19 20 6 3 17 33 5 124

Predicted 1.5 99 | 1451 24 | 29 | 147 | 249 4 3.7 | 156 | 287 | 5.6 |128.5
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Figure 16

Observed vs. sequential logit model predicted evacuation with Andrew validation data
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The model clearly reproduces the observed evacuation pattern. The total predicted
evacuations over all time intervals are 128.5. This prediction is very close to the observed
value of 124. The relative error is only 3.63 percent. If evaluated at the time interval level,
the RMSE is 3.09, and the percent RMSE is 37.10 percent. The percent RMSE does not
include the errors from time interval 5 because the observed value is zero. Therefore, the real
percent RMSE is somewhat higher. Some intervals have very high relative errors, especially
for intervals 1 and 2, with nearly 100 percent and 50 percent relative errors because the
observed number of evacuations in those intervals is small. The rest of the intervals have
relative errors between 10 percent and 35 percent. The maximum absolute error is smaller
than five for every time interval.

The Impact of TOD

Figure 16 gives the probability of evacuation for each time interval of six hours for three
days. Obviously, evacuation varies with time-of-day. To study its impact, the probabilities
of evacuation for both a low-risk and a high-risk household with an evacuation order from
two models were calculated. One model included 7OD as a covariate, and the other did not.
Table 27 gives the values used in the calculation for distance and forward speed of the
hurricane for each time interval. These values were actual values taken from a household in
the Andrew data. Figure 17 presents the results.

Table 27
Values of distance and forward speed in analyzing covariate impacts
Time Interval 1 2 3 4 5 6 7 8 9 10 | 11 12

Distance (mile) | 1182 | 1096 | 1004 | 911 | 815 | 713 | 607 | 500 | 398 | 305 | 218 | 146
Speed (mph) 12.0 | 125 | 13.0 | 13.5 | 14.0 | 145 | 150 | 16.0 | 17.0 | 18.0 | 19.0 | 20.0
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Figure 17

Impact of TOD using sequential logit model from Andrew

On the bottom of the figure, the time intervals are marked by different line types to denote
night, morning, and afternoon. The thick dark line (e.g., during time intervals 1 and 4)

68



depicts the time between 6.00 p.m. and 6.00 a.m., the medium thickness line depicts the
period between 6.00 a.m. and 12.00 p.m., and the thin line depicts the period between 12.00
p.m. and 6.00 p.m. The graph shows that people are least likely to evacuate at night, that the
number of evacuations tends to increase in the morning, and people are most likely to
evacuate in the afternoon. Considering the high-risk and low-risk households with an
evacuation order, the plots without 7OD only show a general trend of how the evacuation
probabilities change as the hurricane approaches. The low-risk household has an increasing
trend, and the high-risk household has a decreasing trend. This suggests that the high-risk
households who have been issued an evacuation order tend to evacuate early, and the low-
risk households who were issued an evacuation order tend to evacuate late. However, the
plots with 7OD display the significant impact of time-of-day. They show low evacuation
probability at nighttime, higher probability in the morning, and highest probability in the
afternoon. The response curve with time-of-day impact is very different from the typical
quick, medium, and slow response curves currently used to estimate the time of evacuation,
which do not show time-of-day variation.

Joint Covariate Impacts

In this section of the analysis on joint covariate impacts, an approach that is somewhat
different from the analysis for the Cox model was taken. Instead of comparing the relative
hazards of different scenarios, as was done earlier, the actual evacuation probabilities for
each time interval were calculated. Four scenarios were considered, as listed in Table 28.
Scenario 1 is a low-risk household who does not receive an evacuation order (orderper=0).
Scenario 2 is the same low-risk household as scenario 1, but the household receives an
evacuation order (orderper=1). Scenarios 3 and 4 are a high-risk household without and with
an evacuation order, respectively.

Table 28
Four scenarios analyzed with the Andrew sequential logit model
Types of household No evacuation order issued Evacuation order issued
Low-risk household 1 2
High-risk household 3 4

Based on the information from Tables 27 and 28, the sequential logit model estimated from
the Andrew data (model 1 in Table 11) was applied to calculate the probabilities of
evacuation for every scenario in each time interval. The results are plotted in Figure 18.

The diagram clearly shows that the probability of evacuation is much smaller for low-risk
households than for high-risk households (scenarios 1 and 2 vs. scenarios 3 and 4),
particularly when the storm is still far away. Low-risk households evacuate essentially only
on the last day. High-risk households evacuate much earlier, with an evacuation order
further accelerating the evacuation process. In fact, it appears that high-risk households that
receive an evacuation order may evacuate so early that relatively few of them remain to
evacuate on the last day. This is exactly the opposite of the three other scenarios shown in
Figure 18, particularly the low-risk households (scenarios 1 and 2), where the greatest
proportion of evacuees wait until the last day to evacuate. High-risk households tend to live
near water or low-lying areas and, therefore, probably have longer evacuation distances. As
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a result, they are the first ones to evacuate once an evacuation order is received. Without an
evacuation order, the same household would tend to wait and see how the situation evolves.
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Figure 18
Probability of evacuation for four scenarios with the Andrew sequential logit model

The sum of probabilities for all the time intervals for each household is the probability of that
household to evacuate during a hurricane. The difference between the sum of probabilities
for the high-risk household with and without an evacuation order (98.0 percent and 92.1
percent) is smaller than that for the low-risk household (31.7 percent and 23.7 percent). This
suggests that the impact of an evacuation order is more significant for low-risk households
than for the high-risk households. The high-risk households tend to evacuate with or without
evacuation orders under the same conditions.

The Sequential Model with South Carolina (Floyd) Data

In this subsection, the sequential logit model estimated from the Floyd data was discussed in
detail. The model predictions and observations from the validation dataset were first studied
at both aggregate and zonal levels. Then, the impacts of time-of-day, evacuation order,
distance, wind speed, and forward speed, as well as the risk levels of households, were
analyzed. The discussions serve to demonstrate that the sequential logit model, estimated
with a different but richer dataset from a different storm than Hurricane Andrew, can be used
to study a variety of covariate impacts and policy conditions. The analysis indicated the
broad capability and the robustness of the sequential logit model. The model produced
plausible predictions although the results were difficult to verify in many cases.

Overall Model Prediction

As mentioned earlier, the original Floyd dataset was divided into model estimation and
validation parts with a 75 percent -25 percent split, respectively. The sequential logit model
estimated on the 75 percent subset (Table 15) was applied to the 25 percent subset. Table 29
presents the results of the model predictions and observations for each of the 48 time
intervals. It was a four-day evacuation and each time interval was two hours. Figure 19
plots the model validation results based on the information in Table 29.
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Table 29
Observations vs. sequential logit model predictions with the Floyd data

Time |Observed|Predicted| Time |Observed|Predicted| Time |Observed|Predicted| Time |Observed| Predicted
1 0 0.14 13 0 0.30 25 0 0.48 37 1 2.90
2 0 0.14 14 1 0.34 26 0 0.51 38 2 2.77
3 0 0.14 15 2 0.34 27 2 0.53 39 4 2.36
4 1 0.58 16 1 1.35 28 4 13.70 40 12 7.99
5 0 0.61 17 2 1.39 29 12 12.77 41 14 6.44
6 1 1.45 18 0 3.38 30 29 27.97 42 15 11.32
7 1 1.51 19 2 345 31 35 32.57 43 10 9.18
8 3 1.61 20 3 3.47 32 25 29.43 44 6 7.04
9 1 0.93 21 2 1.99 33 26 16.13 45 3 3.27
10 0 1.13 22 1 2.02 34 11 15.76 46 3 2.90
11 0 0.27 23 0 043 35 6 3.14 47 1 0.56
12 0 0.27 24 1 0.44 36 2 3.08 48 1 0.56
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Figure 19
Observed vs. sequential logit model predicted evacuations using Floyd validation data

Note that evacuation patterns in the figure are quite different from those with the Andrew
data (Figure 14). The Andrew data were from a three-day evacuation with time intervals of
six hours and three 7OD categories, and evacuation increased from day one through day
three. Figure 19 presents a four-day evacuation with time intervals of two hours and four
TOD categories, and evacuation peaked on the third day. The sequential logit model has the
ability to accommodate such differences.

The total observed and model predicted evacuations are almost identical. The observed total
evacuation is 246, while the model predicted 241, with a relative error of —2.0 percent and a
RMSE of 2.79. The model overestimates evacuation for the first three days with values of
1.8 (25.7 percent), 3.9 (26.0 percent), and 4.1 (2.7 percent), respectively and underestimates
evacuation for the fourth day, with 14.7 evacuations (-20.5%). The model predicts the third
day extremely well when most evacuations took place. One noticeable difference is at time
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interval 28, (third day, 6 and 7 a.m.) where the model overestimates evacuation by about 10.
The overestimation is due to the fact that a voluntary evacuation order was issued at this time
interval, and the model predicts an immediate increase of evacuation, while in reality, people
probably needed some time to digest the information and to prepare for the evacuation. This
is confirmed by the very accurate prediction for the next time interval, which is interval 29,
when the model predicts 12.8 evacuations compared to the observed value of 12. The
irregularities between intervals 33 and 35 and intervals 40 and 42 were caused by two
factors. The first factor was the change of 7OD in those two periods, and the second factor
was the weight the gamma distribution transformation put on the values of distance in those
two periods. Intervals 33 and 34 were in the afternoon, while interval 35 was at night. There
was a decrease of the utility to evacuate because of the change of TOD from afternoon to
night. Furthermore, the distance in interval 34 had a slightly higher weight than in interval
33 but was almost the same as in interval 35 by the transformation. Therefore, the utility to
evacuate in interval 34 was almost the same as in interval 33 but much higher than in interval
35. As aresult, the predicted number of evacuations in interval 33 was almost the same as in
interval 34 (16.13 versus 15.76) and much higher than in interval 35 (15.76 versus 3.14). A
similar explanation applies to the irregularity between intervals 40 and 42. In general, the
model reproduces the observed evacuation satisfactorily.

Zonal Model Prediction

Another very important test of the model is to not only compare the model predictions
against the total number of evacuations but also at more disaggregate levels, such as the
number of evacuations from individual hurricane evacuation zones. The Andrew dataset has
too few observations for this purpose. However, the Floyd dataset was much larger and
provided an opportunity to do so. Three relatively large zones were created based on the
available geographic information of the households. Figure 20 shows the geographic
locations of the zones and the actual track of Hurricane Floyd.
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Three zones and Floyd’s track

Zone one is Beaufort, in the southern region of South Carolina, including the coastal counties
of Beaufort, Jasper, and Colleton; zone two is Charleston, which includes the counties of
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Charleston, Dorchester, and Berkeley; and zone three is Myrtle Beach, in the northern region
of South Carolina, including the counties of Horry, Georgetown, Williamsburg, and Marion.
This zonal configuration, which grouped areas with different characteristics, such as coastal
and non-coastal areas, into the same zone, was the result of lacking more appropriate
geographic information in the dataset. Figure 21 presents the observed and model predicted
evacuations for each zone with the 25 percent validation data.
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Figure 21

Observed vs. sequential model predicted zonal evacuations using Floyd validation data
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The zonal level predictions in Figure 21 do not fit the observations as well as the overall
prediction in Figure 19. For Beaufort and Charleston, the model under-predicts evacuation,
with relative errors of 21.9 percent and 11.6 percent. For Myrtle Beach, the model over-
predicts by 35.6 percent. However, in general the predictions do capture the daily variations
and the time-of-day impacts. Table 30 presents the total observed and model predicted
results for the three zones.

Table 30
Observed vs. predicted evacuations for three zones
Zone Observed Predicted % Error RMSE
Beaufort 88 68.8 -21.9% 1.46
Charleston 90 79.6 -11.6% 1.76
Myrtle Beach 68 92.2 35.6% 1.93
Total 246 241.0 -2.0% 2.79

The Impact of TOD

In this subsection, the importance of including 70D in the model in studying hurricane
evacuation is demonstrated but from a different perspective. The impact of the models with
and without 7OD was discussed in terms of model predictions and observations using the 25
percent validation data. Two models were compared. The first one was the sequential logit
model estimated from the 75 percent dataset identified in Table 15, which included 7OD as a
covariate; the second one was the sequential logit model estimated from the same 75 percent
dataset excluding TOD as a covariate. Table 31 presents the summary results of the two
models.

Table 31
Summary results of the sequential models with and without TOD using 75% Floyd data
Covariate Sequential Logit Model with 7OD Sequential Logit Model without TOD
p se(P) p-value p se(P) p-value
intercept -10.108 0.891 0.000 -8.562 0.857 0.000
gammadistance 4.139 1.012 0.000 1.804 0.873 0.041
TOD(1) 1.353 0.171 0.000 - - -
TOD(2) 2.221 0.143 0.000 - - -
TOD(3) 1.610 0.156 0.000 - - -
dyanorder(l) 1.917 0.193 0.000 2.628 0.156 0.000
dyanorder(2) 2.181 0.213 0.000 2.662 0.194 0.000
flood 0.558 0.078 0.000 0.577 0.076 0.000
mobile 0.263 0.132 0.047 0.292 0.130 0.025
speed 0.017 0.006 0.006 0.016 0.006 0.009
LL(C) -3871 -3871
LL(B) -3110 -3297
p’ 0.197 0.148

Without 70D, the likelihood ratio index reduced significantly from 0.197 to 0.148, indicating
that the model excluding 7OD is inferior to the one including 7OD. The coefficients are
very close for the two models except for those of distance and the alternative-specific
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constants. Figure 22 plots the observed and model predicted evacuations from the 25 percent
Floyd validation dataset.
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Predictions from sequential logit models with and without TOD with the Floyd data

From Figure 22, the model including 7OD produces a very accurate prediction of evacuation.
However, the model excluding 7OD gives a very erroneous prediction for each time interval,
although the total number of predicted evacuations are very close to the number of observed
evacuations (the model including 7OD predicts 241, the model excluding 7OD predicts 240,
and the observed evacuations are 246). The model without 7OD predicts a slow and steady
increase in the number of evacuations, until interval 28, when a voluntary evacuation order
was issued and there is a huge increase in the number of evacuations. Then, the model
predicts a decrease of evacuation at a steady but more rapid rate. The model without 7OD
shows no time-of-day variations in evacuation, and the RMSE for this model is 5.85. In
contrast, the model with TOD accurately reproduced the observed evacuation pattern. It has
a RMSE value of 2.79, which is a reduction of 52.4 percent in RMSE.

The analysis demonstrated that when 7OD is excluded, the sequential logit model’s
prediction on the total percentage of evacuations, which is equivalent to the participation rate
used in current practice, is accurate. However, evacuation predictions for each time interval
are erroneous. Oppositely, the inclusion of 7OD not only increases the GOF and the
explanatory power of the model, but it also enables the model to give an accurate prediction
of evacuations for each time interval as well as total evacuation.

The Impact of Evacuation Orders

This subsection discusses the impact of evacuation orders. The study demonstrated that the
sequential logit model with evacuation order as a dynamic variable not only enhances the
model performance, but it also meets the need of local officials for policy analysis in terms of
the type and timing of evacuation orders.

Three studies were conducted to explore the impact of the type and timing of evacuation

orders. The first studied the impact of a voluntary and a mandatory evacuation order issued
at the same time of day and the combination of them in the same day; the second studied the
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impact of voluntary evacuation orders issued at the same time but on different days; and the
last studied the impact of voluntary evacuation orders at different times of the day.

Table 32 gives the values of distance used in the analysis. They are actual values of distance
from a household in the Floyd data. The values of hurricane wind speed were assumed to be
120 miles per hour, which is the speed of a category 3 hurricane. The evacuation
probabilities were calculated for a high-risk household.

Table 32
Values of distance from a household in the Floyd data
Time Distance Time Distance Time Distance Time Distance
Interval (mile) Interval (mile) Interval (mile) Interval (mile)
1 1129 13 878 25 625 37 344
2 1106 14 859 26 602 38 329
3 1084 15 839 27 584 39 285
4 1070 16 812 28 565 40 273
5 1056 17 786 29 555 41 250
6 1044 18 761 30 535 42 222
7 1011 19 742 31 515 43 194
8 981 20 733 32 495 44 161
9 954 21 701 33 461 45 133
10 940 22 692 34 431 46 107
11 921 23 667 35 416 47 93
12 898 24 653 36 373 48 91

Figure 23 plots the predicted evacuation probabilities with a voluntary evacuation order
issued at time interval 28 (6 to 7 a.m. of the third day), a mandatory evacuation order issued
at time interval 28, and with combined voluntary and mandatory evacuation orders issued at
time intervals 28 and 31 (12 p.m. to 1 p.m.), respectively, which was the case for the Floyd
data. A curve without evacuation order is also plotted as a reference. Table 33 gives the
total probability of evacuation for each condition.
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Figure 23
Impact of evacuation order type with the Floyd sequential logit model
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Table 33
Total evacuation probability for different types of evacuation orders
Order No Order | Voluntary at 28 | Mandatory at 28 | Voluntary at 28 and Mandatory at 31
Probability | 20.3% 62.7% 71.2% 69.7%

All of the curves are the same before any evacuation orders were issued at interval 28 and are
presented by one color. The evacuation orders increase the total probability of evacuation
significantly from 20.3 percent to 60 percent -70 percent, depending on the type and timing
of the orders. There are only moderate differences among the total probabilities of
evacuation for voluntary and mandatory evacuation orders that are issued at time interval 28.
The mandatory evacuation order has a larger coefficient (2.181 from Table 15) than that of
the voluntary (1.917 from Table 15), hence a larger impact on evacuation. However, there is
no significant difference between the probabilities of a mandatory order at time interval 28
and that of a voluntary order at time interval 28 followed by a mandatory order at time
interval 31. In terms of the shapes, there is no significant difference among the curves for the
following day, except for the day the evacuation orders were issued. Two conclusions can be
observed from the above analysis:

1. TItis the issuance of an evacuation order that has the primary impact, not the type of order
(voluntary or mandatory), although the latter does have a somewhat stronger impact; and
2. A mandatory order following a voluntary order has a very limited impact.

Figure 24 plots the predicted evacuation probabilities with voluntary evacuation orders
issued at time intervals 5, 17, 29, and 41, which are the late morning times (between 8 and 9
a.m.) for each of the four days prior to landfall. A curve without evacuation order is also
plotted as a reference. Table 34 gives the total probability of evacuation for each condition.
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Figure 24
Impact of voluntary evacuation orders at same time of each day
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Table 34
Total evacuation probabilities for voluntary orders at same time of each day
Order No Order
Probability 20.3%

Voluntary at 5
77.2%

Voluntary at 17
71.5%

Voluntary at 29
61.4%

Voluntary at 41
36.2%

If no evacuation order is issued, the total probability of evacuation is low (20.3 percent). An
evacuation order increases the probability significantly (between 36.2 percent and 77.2
percent). The earlier an order is issued, the higher the number of people who will evacuate.
Issuing the order early (for example, at time interval 5) produces a more even distribution of
evacuees. This would allow the traffic to be handled more easily. However, calling an
evacuation order too early also increases the risk of unnecessary evacuation, a situation local
officials are very reluctant to do. On the other hand, issuing the order too late (for example,
at time interval 41), when the officials have more accurate and stronger evidence of a
possible hurricane strike, would produce the smallest evacuation period (putting more people
at risk) and load most of the evacuees onto the network in the last day. The total
probabilities of evacuation for the other two scenarios are in between the two extremes
discussed above. Note that the scenario issuing the order at time interval 29 produces a heavy
concentration of evacuation on the third day, a situation that may cause potential traffic
problems.

Figure 25 plots the predicted evacuation probabilities with a voluntary evacuation order
issued at time intervals 13, 17, 19, and 22, which are between zero midnight or 12 a.m. and
one a.m., 8 and 9 a.m., 12 and 1 p.m., and 6 and 7 p.m., respectively, on the second day for a
high-risk household. A curve without evacuation order is also plotted as a reference. Table
35 gives the total probability of evacuation for each condition.
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Figure 25
Impact of voluntary evacuation orders at different times of the day
Table 35
Total evacuation probability for voluntary orders at different times of the day
Order No Order Voluntary at 13 | Voluntary at 17 | Voluntary at 19 Voluntary at 22
Probability 20.3% 72.4% 71.5% 69.4% 65.2%
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The total probabilities of evacuation do not vary significantly when a voluntary evacuation
order is issued at different times of the day, although the trend is that the earlier the order, the
larger the total probabilities. Although not shown here, the total evacuation probabilities do
vary somewhat for the day when the orders are issued, even though the differences are small
for the later days (days 3 and 4). However, the trend is that the later the order, the larger the
probabilities for later days (days 3 and 4). An order at midnight (time interval 13) does not
produce an increase in the probability of evacuation immediately; the impact does not
materialize until the night is over. The same is true for the order in late afternoon. It appears
that the impact of an order is offset by the arrival of nighttime as evacuees postpone their
evacuation for early the next morning.

The above analysis showed the important role of the evacuation order in modeling hurricane
evacuation. Compared with the current practice of using response curves to distribute
evacuation trips, which mainly involves the evacuation after the issuance of an evacuation
order, the sequential logit model has the ability to study the impact of evacuation orders.

The Impact of Distance

The distance from the storm to the household is determined by the hurricane track and the
location of the household. Thus, different hurricane tracks would result in different
evacuation patterns. To evaluate the evacuees’ responses to distance from the storm, the
results of three hypothetical hurricane tracks were compared: close, medium, and far, with
and without a voluntary evacuation order. The medium scenario used the same distance
information from Table 32. The values of distance for close and far scenarios were obtained
by subtracting and adding 200 miles from the value of distance of the medium scenario for
each time interval. If the value of distance was smaller than zero in the calculation, it was set
to zero. The evacuation probabilities were calculated for a high-risk household. For the case
with a voluntary evacuation order, it was assumed that the order was issued at time interval
28. The wind speed of the hurricane was assumed to be constant for all time intervals at 120
miles per hour.

One problem of the sequential logit model was revealed when the distance data were
investigated in detail. It was found that for the close scenario, distance was smaller than 50
miles from time interval 41 onwards. It is believed that there exists a limit of distance, under
which the probability to evacuate should approach zero because when a hurricane is that
close, a household may face a more serious threat of being caught on the highway during the
most intense portion of the storm. However, the sequential model still gives a non-zero
probability even when the distance is zero. To correct this, the model was forced to generate
zero probability of evacuation when the distance was within the threshold. For this analysis,
it is assumed that the threshold was 50 miles. Figure 26 plots the evacuation probabilities
before and after the correction for the close scenario. The two evacuations were identical
until time interval 41, when the distance was within the limit. After that time interval, the
probabilities were forced to be zero.

Another problem of the model can be revealed when a case where the distance is very far

away is considered. No matter how far the hurricane is from a household, the sequential
model always gives a non-zero probability of evacuation, which is obviously unrealistic. For
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example, if 1,000 miles were added to the values of distance in the medium scenario, the model
still gives an estimate of total probability of 6.4 percent for alow-risk household. Such aresult
is not reasonable because, in reality, at such a distance the hurricane is not a threat to the
household at all, and the probability of evacuation should be zero. Therefore, this model should
not be used when the hurricane is so far away that it does not present a threat to the household at
al. Thus, the model seemsto behave appropriately within awindow of approximately 1,200
miles at one extreme and, say, 50-100 miles at the other.
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Figure 26
Before and after correction for the close scenario

The corrected evacuation probabilities of the close scenario, aong with those of the medium and

far scenarios without evacuation orders, are plotted in Figure 27. Table 36 presents the
probabilities of evacuation for each day for each scenario.
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Figure 27
I mpact of distance without evacuation order

Thetotal evacuation probabilities are nearly the same. However, the evacuation patterns are
quite different except for the first day, when the hurricanes are still far for all the scenarios. For
the far scenario, evacuation probabilities increase day by day as the hurricane approaches, with
the last day having the largest probability of evacuation; for the medium
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scenario, evacuation probability peaks on the third day, with the other three days having
almost the same probabilities; and for the close scenario, the second day has the highest
probability of evacuation, a slight drop on the third day, and almost zero probability on the
fourth day. The closer the hurricane is, the earlier the household is likely to evacuate. This
trend is intensified in the close scenario. As a result, the evacuation for the close scenario is
a three-day evacuation instead of a four-day evacuation as for the medium and far scenarios.

Table 36
Evacuation probability for distance scenarios by day without evacuation orders
Day Close Medium Far
1 4.4% 3.8% 3.7%
2 7.6% 4.6% 3.7%
3 6.7% 7.9% 4.8%
4 0.4% 4.0% 8.1%
Total 19.1% 20.3% 20.3%

The above pattern will change, however, when a voluntary evacuation order is issued in time
interval 28. The results are plotted in Figure 28, with another close scenario without an
evacuation order as a reference. Table 37 presents the total evacuation probabilities for each
condition.
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Impact of distance with voluntary order at 28
Table 37
Total evacuation probability for the impact of distance with evacuation order
Distance Close (No Order) Close Medium Far
Probability 19.1% 47.9% 62.7% 64.9%

The evacuation patterns are the same as the cases without an evacuation order until time
interval 28, when a voluntary order is issued. Compared to the close scenario without an
evacuation order, the probabilities of evacuation increase markedly for each of the
conditions. For the close and medium scenarios, the majority of evacuations occur on the
third day, as compared to the previous cases where evacuations are more evenly distributed
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among the days. However, for the far scenario, the evacuation pattern remains the same.
The probabilities of evacuation increases daily, with the last day being the highest.

In the above analysis, the impacts of distance with and without evacuation orders were
explored. The sequential logit model has the ability to predict evacuation behavior under
different scenarios of change in distance along with other compounding influences, such as
evacuation orders. On the contrary, the traditional two-step procedure of combining
participation rate model with response curves does not have such capability.

The Impact of Hurricane Wind Speed

In order to evaluate the model’s capability of estimating the impact of hurricane wind speed,
three scenarios involving a category-2, a category-3, and a category-4 hurricane were
analyzed. The scenarios were all analyzed against the backdrop of a high-risk household
with a voluntary evacuation order issued at time interval 28. Values of distance were taken
from Table 32. Each scenario has constant speed for the 48 time intervals. The values of
speed for each scenario are the maximum speed in each of the three categories, i.e., 110, 130,
and 155 miles per hour. Figure 29 plots the evacuation probabilities for each scenario. Table
38 gives the total evacuation probability for each condition.
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Impact of wind speed on evacuation behavior
Table 38
Total evacuation probability with different hurricane speed
Hurricane Speed 110 130 155
Total Probability 56.5% 68.9% 83.0%

In the figure, the evacuation probabilities increase with hurricane speed increases as the
hurricane approaches. The higher the speed, the larger the probability to evacuate. For all
scenarios, the evacuation probabilities increased sharply at time interval 28 because a
voluntary evacuation order is issued at that time. Overall, the third day exhibits the highest
probability for all three hurricanes. This is due to the combined impact of the evacuation
order, the value of distance and the speed.
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The current practice of the two-step procedure in hurricane modeling does not have the
capability to predict the impact of hurricane speed on evacuation. Instead, it relies on the
subject assessment of the analyst.

The Impact of Hurricane Forward Speed

Although the forward speed of a hurricane is not explicitly a covariate in the sequential logit
model from the Floyd data, its impact can be analyzed by rearranging the temporal
distribution of the same hurricane track. If the distance values were taken from Table 32 as
our normal scenario, there are 48 time intervals in the normal scenario. However, if the scale
of the time intervals is changed, new scenarios with different forward speeds of the hurricane
can be generated. Scenario 2 is generated by assuming that the hurricane moves twice as fast
as the hurricane in the normal scenario. As a result, the number of time intervals is reduced
from 48 to 24. In scenario 3 it was assumed the hurricane moves at half the forward speed of
the normal scenario, and the resulting number of time intervals is increased from 48 to 96. In
scenario 4 it is assumed that the hurricane moves at the same pace as the normal scenario in
the first two day but at half the speed in the last two days as in the normal scenario, and the
resulting number of time intervals is increased from 48 to 72. The evacuation probabilities
were calculated for a high-risk household with a constant hurricane wind speed of 120 miles
per hour. Figures 30(a)-(c) plot the evacuation probabilities of each scenario with the normal
scenario shown in each diagram for comparison purposes. Table 39 presents the total
probability of evacuation for each scenario.

Table 39
Total evacuation probability at different forward speed
Scenario Normal | Twice as fast | Twice as slow | Twice as slow in last 2 days
Probability | 20.3% 11.5% 37.0% 31.2%

The normal scenario was the hurricane with the same pace as those studied so far. This
involved 48 time intervals, in which the model predicted a total evacuation probability of
20.3 percent over four days of evacuation. If the hurricane moves twice as fast as in scenario
2, the hurricane makes landfall in two days instead of four (Figure 30(a)). The model
predicts that on the first day, the evacuation patterns would be almost identical for the two
scenarios. However, the evacuation pattern changes significantly on the second day. The
probability of evacuation is much higher on the second day for the fast scenario, as would be
expected. Nonetheless, the total evacuation probability for the fast scenario is a little more
than half of that of the normal scenario, thereby suggesting that, all else being equal, the
forward speed of the hurricane has a significant impact on the number of persons evacuating.
It is difficult to verify whether this is a reasonable prediction or not since the impact of
individual characteristics of hurricanes has not been quantified in the past.

If the hurricane moves twice as slow as the normal case (Scenario 3), hurricane landfall
occurs in eight days instead of four. In this case, the model predicts evacuation behavior, as
shown in Figure 30(b). The peak evacuation day is delayed from the 31 day to the 6" day.
The probabilities of evacuation are spread more evenly across the eight days than in the
normal case, which is expected. The total probability of evacuation is almost doubled,
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jumping from 20.3 percent to 37.0 percent. Again, it is difficult to assess if such a prediction
is reasonable or not, although it is clearly possible.
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For the last scenario (Scenario 4), where the hurricane is assumed to move at the same pace
as in the normal scenario for the first two days and then slow down to half the speed after
that, the model predictions are shown in Figure 30(c). Scenarios 3 and 4 have identical
evacuation patterns for the first two days, which is as expected, but the peak evacuation day
is delayed from the 3™ to the 4™ day in scenario 4. Total evacuation probability after the first
two days is doubled, from 11.9 percent to 22.9 percent between scenarios 3 and 4. These
responses seem plausible, although there is no way to verify the magnitude of the estimates.

The above analysis demonstrated the flexibility of the sequential logit model. Hurricane
forward speed, though not explicitly a covariate in the model, can still be accommodated in
the model analysis by rearranging the temporal distribution of the hurricane track.

The Impact of Household Risk Levels

Unlike the participation rate and response cure method currently used to predict hurricane
evacuation, the sequential logit model is a disaggregate model that takes the characteristics of
the households into consideration. The model utilizes, in addition to the dynamic
information of the storm, the housing type and location of each individual household as
important factors to assess the probability of the household to evacuate in each time interval.
In this subsection, it will be demonstrated that the sequential logit model correctly describes
the evacuation behavior among households of different risk levels.

Table 40 presents four scenarios that were used in the analysis. Scenario 1 is a low-risk
household without any evacuation order; scenario 2 is the same low-risk household who
receives a voluntary evacuation order at time interval 30, which is from 10 to 11 a.m. on the
third day; scenario 3 is a high-risk household without any evacuation order; and scenario 4 is
the same high-risk household who receives a voluntary evacuation order at time interval 30.

Table 40
Four scenarios analyzed with the Floyd sequential logit model
Household Risk Level No evacuation order Voluntary order at time interval 30
Low-Risk Household 1 2
High-Risk Household 3 4

In addition to the information from Table 40, hurricane wind speed is assumed to be constant
at 120 mph, which is the speed of a category 3 hurricane. The values of distance for each of
the 48 time intervals are the same as in Table 32. Based on the above information, the
sequential logit model estimated with the 75 percent Floyd dataset was applied to calculate
the probabilities for every scenario in each time interval. The results are plotted in Figure 31.
The total evacuation probabilities for the scenarios are presented in Table 41.

Table 41
Total evacuation probabilities by household risk level
Scenario Scenario 1 Scenario 2 Scenario 3 Scenario 4
Probability 9.5% 33.7% 20.3% 60.0%
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Before time interval 30, when a voluntary evacuation order is issued, scenarios 1 and 2, and
scenarios 3 and 4 have identical evacuation patterns. As a result, the blue line for scenario 1
is under the red line for scenario 2, and the green line for scenario 3 is under the pink line.
During this period, the high-risk households have higher evacuation probability than low-risk
households. At time interval 30, the issuing of a voluntary evacuation order increases the
probability of evacuation markedly for both low-risk and high-risk households, increasing the
evacuation rate almost five times. For the same evacuation order, the high-risk and low-risk
households respond differently (scenario 1 versus 2, and scenario 3 versus 4). The impact
seems to be higher among high-risk households than low-risk households. Such behavior is
consistent with our understanding of hurricane evacuation since high-risk households are
generally more responsive to evacuation orders than low-risk households.
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Figure 31
Impact of household risk level with the Floyd sequential logit model

The sum of probabilities for all the time intervals for each household is the probability of that
household to evacuate during a hurricane. The difference between the sum of probabilities
for the high-risk household with and without an evacuation order (60.0 percent and 20.3
percent) is larger than that for the low-risk household (33.7 percent and 9.5 percent). This
indicates that the impact of evacuation order is more significant for high-risk households than
for low-risk households. This conclusion is different from the analysis of the Cox model and
the sequential logit model estimated from the Andrew data, which conclude that evacuation
order has the same evacuation impact on low-risk and high-risk households for the Cox
model and a smaller impact on high-risk households than on low-risk households for the
sequential logit model estimated from the Andrew data.

The reason for the different conclusions from the three models lies in the different model
structure and different forms in which the variable evacuation order appeared in the models.
In the Cox model, the discussion involved only the relative hazards without referencing to
baseline hazards, hence the analysis was crude at best; in the Andrew model, evacuation
order was presented as a static variable; while in the Floyd model, evacuation order was
treated as a dynamic variable, as it ought to be. It seems that the sequential logit model
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structure is more appropriate than that of the Cox model, and the dynamic portrayal of an
evacuation order produces a much more realistic result.

The analysis above demonstrated that the sequential logit model can distinguish the
household characteristics and correctly predict the evacuation behavior based on the
distinction; the model performance improves when evacuation order is treated as a dynamic
variable as it should be.

The Sequential Model with Stated-Choice Data

Model Prediction

The model used here is the sequential logit model estimated with the New Orleans’s SP data.
The original dataset was also divided into model estimation and validation parts with a 75-25
percent split respectively. There were seven unequal time intervals in the data. Table 42
presents the results of the model predictions and stated values based on the 25 percent
validation data. Figure 32 plots the model validation results based on Table 42. The
horizontal axis is the median of the values in column 2 of the Table.

Table 42
Predicted and stated evacuations with the SP data
Time Interval | Time (Hour)| Predicted Stated
1 0-2 125.4 181
2 2-4 104.0 94
3 4-6 81.2 60
4 6-12 74.8 68
5 12-24 58.5 103
6 24-48 46.5 49
7 >48 38.6 9
Total Evacuation 529 564
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Model predicted vs. stated evacuation with the SP data
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The model predicted total a evacuation of 529, and the total stated evacuation was 564,
resulting in a low relative error of only 6.6 percent. However, the model does not reproduce
the stated evacuation for most time intervals accurately. In contrast to the performances of
the sequential models from the Andrew and Floyd data which accurately reproduced the
observed evacuation patterns, this sequential logit mode estimated from the New Orleans
data is inferior. It is believed that the following are the possible reasons the sequential logit
model does not accurately predict the evacuation for the New Orleans SP data:
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Lack of accuracy in estimating the variable landfall, which represents the estimated time
that the hurricane will make landfall. Landfall is a dynamic variable in the model. Its
role is similar to that of distance in the other models estimated in this study. However,
from Table 18, the values for landfall are, at best, approximations. Many involve
subjective judgment in their composition. In some instances, the values of landfall do not
vary from time interval to time interval. Moreover, it is unreasonable to expect that
evacuation can be predicted to within two-hourly intervals, as for intervals 1, 2, and 3,
when the values of landfall are so roughly estimated.

Compared to the Floyd model, which has four dynamic variables among the six
covariates, the variable landfall is the only dynamic variable in this model. As a result,
the model explains far less variation in the data as characterized by the low log likelihood

ratio index p*, which is only 0.062 in the model estimated on the New Orleans stated

preference data (Table 22).

Lack of validity of applying the sequential decision model. From the way the survey was
performed, it is obvious that a respondent made up his/her mind concerning if to evacuate
and, if so, when to evacuate at the very beginning. This does not conform to the
sequential decision paradigm, which assumes that a decision maker makes the evacuation
decision progressively based on the varying conditions of the environment. The validity
of applying a sequential decision model to this SP survey is questionable.

Most importantly, there are serious flaws in the survey data as discussed earlier. From
Figure 32, it can be seen that most respondents chose to evacuate in time interval 1
(between 0 and 2 hours), evacuation dropped for time intervals 2 (between 2 to 4 hours),
3 (between 4 to 6 hours), and 4 (between 6 to 12 hours), peaked again in time interval 5
(between 12 to 24 hours), and then gradually decreased to nearly zero during time
intervals 6 to 7. For most profiles (scenarios) in the New Orleans stated preference
survey, there was plenty of time between the first time interval and hurricane landfall for
evacuation even as the hurricane threat intensified during these time periods. According
to the sequential decision paradigm, the probabilities of evacuation should increase from
time interval 1 since time-of-day impact was not considered. However, for most of the
profiles, time interval 1 had the highest evacuation.

Another flaw of the survey is revealed if the evacuation responses by profiles that had the
same variable level for the variable expected landfall is plotted. Table 43 presents
responses from the eight profiles of the 75 percent estimation data that had the initial
expected time-to-landfall time within 12 hours. Figure 33 plots the total stated
evacuation.



Table 43
Responses of the profiles with initial time-to-landfall less than 12 hours

Interval| Hour [Profile 4| Profile 8 [Profile 12|Profile16 [Profile 20[Profile 24|Profile 28Profile 32| Total
1 0-2 11 25 25 9 13 14 13 7 117
2 2-4 4 8 11 7 9 12 12 1 64
3 4-6 9 9 9 8 7 7 9 4 62
4 6-12 4 7 8 4 8 13 16 3 63
5 12-24 5 13 9 7 8 10 13 3 68
6 [24-48 3 7 6 1 6 7 7 2 39
7 >48 2 0 1 0 2 3 0 0 8
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Stated evacuation for profiles with initial time-to-landfall less than 12 hours
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Since the initial time-to-landfall was less than 12 hours, for time interval 4, which was
between hours 6-12, the hurricane was 0 to 6 hours away, which means the hurricane was
either about to land or would do so in a few hours. For time intervals 5 through 7, which
were more than 12 hours away, the hurricane must have already landed. However, 27.3
percent of the evacuations occurred from time intervals 5 through 7. Between time
intervals 4 through 7, 42.3 percent of the evacuations occurred. This observation showed
that many of the respondents could not logically respond to the questions and give
meaningful answers.
6. Lack of time-of-day information. Another serious flaw of this SP survey is the lack of
time-of-day information. From our previous analysis, it is obvious that time-of-day plays
a very significant role in hurricane evacuation. In reality, a respondent’s evacuation
decision will be very different depending on the time-of-day to which it applies.

Some Words on SP Data
As discussed in the section on stated-preference data and technique, it is believed that there

are great potential applications of the SP technique in hurricane evacuation. Some modeling
effort was made with the SP data from the New Orleans area in this study, but a good model
could not be produced with the SP data. However, this in no way implies that the
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methodologies of this study are not applicable to SP data. The failure is due to some serious
underlying design flaws and problems in the data.

Model Comparison

In this part of the analysis, the two survival analysis models, the Cox model and the
Piecewise Exponential model, were first compared. It was then followed by comparison
between the two sequential models: the sequential logit and the sequential complementary
log-log model. Finally, a comparison between the two modeling methodologies was
presented, and the best model was recommended.

Survival Models: The Cox Model vs. Piecewise Exponential Model

In order to evaluate the Cox model and the Piecewise Exponential model several
comparisons were made between the two survival analysis models, including the model
coefficients, GOF' baseline hazards, and model predictions vs. observations. The summaries
of the two models are presented in Table 44. Figure 34 plots the model coefficients.
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Figure 34
Comparison of the coefficients of the two survival analysis models
Table 44
Summary results of the two survival analysis models
. ot Piecewise Exponential Model The Cox Model
ovariate p se(B) | p-value B se(B) | p-value
dist -0.422 0.220 0.055 -0.436 0.219 0.046
orderper 0.529 0.206 0.010 0.537 0.207 0.010
flood 0.676 0.211 0.001 0.676 0.212 0.002
mobile 1.469 0.207 0.000 1.502 0.208 0.000
LL(C) -580.4 -645.2
LL(B) -420 -608.7
p’ 0.276 0.057

The coefficients of the two models are very close, as are the variances and the levels of
significance of the coefficients. However, the likelihood ratio indexes are quite different.
The Cox model has a low value of 0.057, while the Piecewise Exponential model has a high
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value of 0.276. This is because the Cox model conditioned out the baseline hazards from its
partial likelihood function, while the Piecewise Exponential model estimates the baseline
hazards from within the model. The baseline hazards from the Piecewise Exponential model
explain part of the variations in the data, hence increasing the likelihood ratio index. In
contrast, the estimation of the baseline hazards has to be made separately for the Cox model,
through the Breslow estimator in equation 11. Table 45 presents the baseline hazards of the
two models, and Figure 35 shows them graphically.

Table 45
Baseline hazards of the Cox and Piecewise Exponential models
Interval 1 2 3 4 5 6 7 8 9 10 11 12
Piecewise | 6631 0,092 | 0330 | 0.061 | 0.000 | 0.411 | 0477 | 0223 | 0.078 | 0.395 | 0.693 | 0.075
Exponential
The Cox
Model | 0:067 | 0.098 | 0.358 | 0.064 | 0.000 | 0.454 | 0.523 | 0.239 | 0.083 | 0.436 | 0.817 | 0.082
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Comparison of the two baseline hazards

The baseline hazards are very close. Since the Piecewise Exponential model estimates the
baseline hazards endogenously, their level of significance can be tested. However, there is
no goodness-of-fit measure for the baseline hazards estimated through the Breslow estimator.

The observed and predicted evacuations from the Cox model in Table 24, along with the
predictions from the Piecewise Exponential model, are listed in Table 46, and Figure 36
presents them graphically. The Piecewise Exponential model predictions were calculated
with the model coefficients (estimated using the Andrew estimation data) listed in table eight,
along with the Andrew validation data. The two models produced very similar predictions,
and the predictions were very close to the observations. The RMSE and percent RMSE were
1.50 and 19.7 percent for the Cox model and 1.33 and 18.9 percent for the Piecewise
Exponential model, respectively. Both the Cox model and the Piecewise Exponential model
can accommodate time-dependent variables, and both have been observed to reproduce the
observed evacuation accurately in this study. The Cox model is one of the most widely used
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methods in survival analysis. As a result, there are many tools to facilitate its application,
including tests of proportionality, functional form, and heterogeneity, etc. On the other hand,
applying and testing the Cox model is a cumbersome process. In addition, the partial
likelihood function makes it impossible to estimate dynamic variables such as TOD, which
have the same value for each household in each time interval but nevertheless plays an
important role in hurricane evacuation. Moreover, the estimation of baseline hazards has to
be done exogenously, giving no statistical test to measure the goodness-of-fit. In contrast,
the Piecewise Exponential model is simple to apply. It can estimate the baseline hazards
endogenously with measures of goodness-of-fit. Theoretically, it can accommodate such
variables as TOD, although in reality the existence of collinearity may complicate the
problem. In addition, since the time interval is included in the Piecewise Exponential model
as a categorical variable (hence introducing I-1 dummy variables, where I is the number of
time intervals) to produce the estimate of the baseline hazard, it is no longer practical to use
the Piecewise Exponential model when the number of time intervals becomes large.
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Observed vs. model predicted evacuations for the two survival models

Table 46
Model predicted and observed evacuations for the two survival models

Interval 1 2 3 4 5 6 7 8 9 10 11 12 | Total

Observed 3 5 11 2 0 19 20 6 3 17 33 5 124

The Cox | 6 | 3.9 | 140 | 25| 0 | 181 | 196 | 89| 3.3 | 186 | 35.1 | 48 | 1313
Model
Piecewise | 56 | 38 | 13.5 | 24 | 0.0 | 173 | 190 | 88 | 33 | 181 | 324 | 48 | 1262
Exponential

Sequential Models: Logit vs. Complementary Log-Log Mode

It has been demonstrated earlier that the logit model and the complementary log-log model
are closely related to each other. They can be derived using the same latent variable
paradigm with different assumptions about the distribution of the random variable. The
former assumes logistic distribution and the latter extreme minimal-value distribution. These
two distributions are very similar. The two sequential models estimated with the Floyd data
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were first compared, followed by a comparison of the model predictions. The summary
results of the two models in Table 15 are copied below and renamed as Table 47. From the
table, the two models are almost identical with similar coefficients, variances, and levels of
significance. The likelihood ratio indexes are the same. Figure 37 plots the absolute values
of their coefficients. The logit model has consistently slightly larger coefficients in
magnitude, which is usually the case except for the intercepts [61].

Table 47
Summary results of the two sequential models with the Floyd data
. Logistic Complementary Log-Log
Covariate
p se(P) p-value p se(p) p-value
intercept -10.108 | 0.891 0.000 -9.962 0.871 0.000
gammadistance 4.139 1.012 0.000 4.077 0.989 0.000
TOD(1) 1.353 0.171 0.000 1.336 0.169 0.000
TOD(2) 2.221 0.143 0.000 2.181 0.140 0.000
TOD(3) 1.610 0.156 0.000 1.588 0.153 0.000
dyanorder(1) 1.917 0.193 0.000 1.903 0.189 0.000
dyanorder(2) 2.181 0.213 0.000 2.148 0.209 0.000
flood 0.558 0.078 0.000 0.538 0.075 0.000
mobile 0.263 0.132 0.047 0.249 0.128 0.051
speed 0.017 0.006 0.006 0.017 0.006 0.007
LL(C) -3871 -3871
LL(B) -3110 -3110
p’ 0.197 0.197
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Figure 37

Coefficients of the two sequential models with the Floyd data

Since the two models are almost identical, predictions from the two models are expected to
be close too. Figure 38 plots the observed evacuations and predictions from the two models
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using the 25 percent Floyd validation data. The two predictions are so close that the red line,
the sequential logit model prediction, is almost totally covered by the green line, the
sequential complementary log-log model prediction. This is the reason that only the
sequential logit model from the Floyd data was used in the discussion earlier.
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Figure 38
Model predictions from the two sequential models with the Floyd data

Model Comparison between the Survival Models and the Sequential Models
Based on the analysis of the sequential models and the survival models so far, the following
advantages of the sequential model over the survival model were found:

1. The sequential model can accommodate all dynamic variables, including such variables
as distance, time-of-day, and evacuation order. The Cox model cannot accommodate
certain dynamic variables, which have the same values for every household for each time
interval, such as time-of-day and evacuation order, if the order is issued to everyone at
the same time. The Piecewise Exponential model theoretically can accommodate all
dynamic variables, but the existence of collinearity makes it difficult, if not impossible,
from our experience. As the number of time intervals becomes larger, the application of
the Piecewise Exponential model becomes more impractical.

2. The sequential choice model is simple to use. The major task involves estimating a
binary choice model, while the Cox model involves a series of cumbersome procedures.

3. The sequential model has a sound behavioral basis because it is based on the random
utility theory, while the survival analysis models are pure statistical procedures.

Therefore, it is believed that the sequential model is superior to the survival analysis models.
Because the logit model is well known in the transportation community and there are
generally more statistical packages that support the logit model, the sequential logit model
seems to be the best method to study dynamic travel demand for hurricane evacuation.
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Variables in the Model

It is important for the models developed in this study to capture the underlying relationships
between the dependent variable, the probability of evacuation for each time interval, and the
independent variables. This subsection serves to show that our models, especially the
sequential models, include the major variables that have been proven to play important roles
in studying hurricane evacuation.

After studying 26 hurricane evacuations, Baker /46] identified the five most important
variables in hurricane evacuation, as listed in Table 48. The variables used in this study are
also listed in the table for comparison.

Table 48
Variable comparisons
Baker’s Variables Variables in This Study
Risk level (hazardousness) of the area Flood
Action by public authorities Evacuation order
Housing Mobile
Prior perception of personal risk Hurtrisk, protect
Storm-specific threat factors Distance, wind speed, time of day

While the names of the variables between the two groups are different, it is clear that the
variables used in this study are the cores identified by Baker. The variables representing
prior perception of personal risk were found significant in the models but were excluded
because data for such personal perceptions are difficult to get. The last variable, the storm-
specific threat factors mentioned by Baker, are represented by distance from the storm,
hurricane speed, and time-of-day in this study.

In addition to the variables listed in the table, our study of the Andrew and Floyd data
demonstrated the important role of time-of-day in hurricane evacuation. For example, the
Floyd data showed that people are least likely to evacuate at night, more likely to evacuate in
the morning and in the afternoon, and most likely to evacuate in mid-day. Concerning the
impact of time-of-day, Baker /46] stated: “Time of day has not proven to be a significant
deterrent to whether people evacuate, however. It does appear that given a choice, many
people would prefer to leave during the day, but many very successful evacuations have been
conducted late at night....” For the Andrew and Floyd data, it might be that evacuation
orders were issued such that many people had the choice of not evacuating at night. The
time-of-day variable, TOD in our model, was estimated under such circumstances. More
study is needed to model the second situation Baker mentioned.

Model Transferability and Post-Processing

Model Transferability

So far, the best model from this study is the sequential logit model based on the Floyd data.
Among all the modeling methodologies, the sequential model includes the most important
dynamic variables and produces the most powerful model to study the impact of a variety of
covariates. The model not only reproduces evacuation behavior based on validation data, but
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it also produces reasonable predictions under different conditions. However, these results are
based on data from one hurricane. If a model developed from one hurricane can be applied
to different situations in terms of hurricane characteristics and geographic locations, then this
model is transferable. A model that is transferable probably captures the fundamental
relationships between the dependent variable and the independent variables; hence, it will
have broader applications. McFadden /96] discusses multinomial logit model transferability
when structure changes in tastes are present. He points out three kinds of shifts in the model.
They are shifts in the alternative-specific constants (4SCs), in the scale of the other
parameters, and in the relative values of these parameters. Since the ASCs represent the
average of error terms in utility, their changes are most responsible for non-transferability.
The second change, which is the shift in scale, reflects the change of variance of error terms
caused by the differences in choice population. Usually, the relative values of parameters
are more robust; hence, their changes are least important in terms of model transferability.
As a result, McFadden suggests the following hierarchy for adjustment when transferring a
model:

1. No adjustment when no data is available.
. Adjusting ASCs only if the share of choosing an alternative is available.
3. Adjusting both ASCs and the scales of other parameters when more than one data points
are available.
4. Estimate a new model when adequate new data are available using Bayesian methods to
incorporate previous information.

The Andrew data were used to test the transferability of the sequential logit model estimated
from the Floyd data. Since the two datasets were not completely compatible, some
modifications were necessary and are described below:

1. The Floyd data was a four-day evacuation and had 48 time intervals with each time
interval being two hours long; the Andrew data was a three-day evacuation and originally
had 12 time intervals with each time interval being six hours long. To utilize the Floyd
model, the information for Andrew had to be interpolated into two-hour intervals. The
modified Andrew data subsequently had 36 time intervals.

2. The TOD for the Floyd model had four categories: morning, midday, afternoon, and
night; the 7OD for the Andrew model had three categories: morning, afternoon, and
night. To make them compatible, the Floyd dataset was aggregated into three categories,
the same as Andrew.

3. The Floyd data had information about evacuation time accurate to every two hours, and
the Andrew data every 6 hours. To compare model prediction and observation, the model
prediction had to be aggregated from every two hours to every six hours.

4. The Andrew data did not have complete evacuation information for all the parishes,
which is required by the Floyd model. Out of the 21 parishes the survey covered, only 11
parishes had the required information. As a result, the households without the required
evacuation information were excluded from the transferability study and 135 households
remained.

After making the necessary modifications, a new sequential logit model based on the
modified Floyd data was estimated. The model summary is listed in Table 49. In this model,
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speed (i.e., wind speed) is no longer significant at 15 percent level although it does have the
correct sign. To be consistent, it is retained in the model. The binary logit model’s Hosmer
and Lemeshow GOF statistic is 4.065 with eight degrees of freedom. The p-value is 0.851.
This shows that the null hypothesis that the binary logit model fits the data well cannot be
rejected. The contingency table is given in Table 50. The first group ought to be combined
with the second one because it has too few observations. However, the regrouping would
reduce the Hosmer and Lemeshow statistic and make it harder to reject the null hypothesis
that the binary logit model fits the data well. Therefore, it was left unchanged.

Table 49
Modified Floyd sequential logit model for transferability
. Logit Model
Covariate B <(B) value
intercept -8.540 0.790 0.000
gammadistance 5.247 0.956 0.000
TOD(1) 1.543 0.136 0.000
TOD(2) 1.721 0.113 0.000
dyanorder(1) 1.681 0.187 0.000
dyanorder(2) 1.998 0.194 0.000
flood 0.555 0.077 0.000
mobile 0.267 0.131 0.043
speed 0.008 0.006 0.154
LL(C) -7742.2
LL(B) -6304.5
p’ 0.1857
Table 50
Contingency table for the modified Floyd model
Group Not Evacuated Evacuated Total
Observed |[Expected |Observed |Expected
1 4874 4874 3 29 4877
2 4875 4876 5 4.2 4880
3 4866 4867 7 6.2 4873
4 4843 4845 12 10.1 4855
5 4869 4865 11 15.5 4880
6 4841 4842 22 21.3 4863
7 4844 4844 32 322 4876
8 4784 4782 80 81.8 4864
9 4679 4695 200 183.8 4879
10 4543 4529 377 391.5 4920

In this analysis of sequential logit model transferability, the knowledge of the total number of
evacuations in the Andrew data was used to adjust the ASC in the model to ensure that the
predicted probability of evacuation equals the observed number. This is conducted by
observing the following equation:
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where FE is the total number of observed evacuations, P,; is the probability of evacuation for
household # in time interval ¢ from the model, NV is the total number of households, T is the
total number of time intervals, £ s are the model parameters previously estimated, and « 1is

the new ASC which is identified in an iterative solution process.

For this study, the updated 4SC was found to be —8.180, an increase from the original value
of —8.540. Table 51 lists the model predictions for each of the 36 time intervals. The same
information is plotted in Figure 39.

Table 51
Model prediction for transferability
. ASC Adjustment . ASC Adjustment . ASC Adjustment
Time Time Time
Before After Before After Before After
1 0.08 0.20 13 0.11 0.16 25 1.14 1.33
2 0.08 0.12 14 0.11 0.16 26 1.19 1.40
3 0.09 0.13 15 0.11 0.16 27 1.20 1.42
4 043 0.63 16 0.54 0.79 28 5.15 5.94
5 0.45 0.66 17 2.34 3.29 29 5.00 5.74
6 0.47 0.69 18 2.43 3.39 30 421 4.72
7 0.59 0.87 19 3.06 4.19 31 4.06 4.44
8 0.59 0.87 20 3.30 4.46 32 3.30 3.53
9 0.60 0.88 21 3.60 4.78 33 3.05 3.61
10 0.11 0.16 22 0.85 0.99 34 0.47 0.56
11 0.11 0.16 23 0.95 1.10 35 0.47 0.55
12 0.11 0.16 24 1.05 1.22 36 0.46 0.55
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Figure 39
Model predictions before and after adjusting ASC
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As seen from Figure 39, the impact of increasing the ASC is to increase the evacuation
probabilities for each of the time intervals, as expected. To compare the model predictions
with the observations, the length of time interval needs to be aggregated from two hours to
six hours. Table 52 lists the observed and the model predicted evacuations after such
aggregation before and after adjusting the ASC. The same information is plotted in Figure
40.

Table 52
Model prediction vs. observation for transferability
Time Interval Observation - Prediction -
Before Adjustment | After Adjustment
1 0 0.25 0.45
2 2 1.35 1.99
3 8 1.78 2.62
4 2 0.33 0.48
5 0 0.33 0.48
6 4 5.31 7.47
7 17 9.96 13.44
8 2.85 3.31
9 1 3.53 4.14
10 6 14.36 16.4
11 20 10.41 11.58
12 1 1.40 1.66
Total 64 51.86 64.02
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Figure 40
Observations and model predictions for transferability

In general, the model without adjustment reproduced the three-day evacuation pattern with
time-of-day impact. The model predicted a total evacuation of 52 vs. the observed 64, which
underestimated the total evacuation by 19.0 percent. For each of the three days, the model
underestimated evacuation. After adjusting the ASC, the model produced the same total
number of predicted evacuations as the observed. The RMSE reduced from 5.12 to 4.96. In
terms of the sum of evacuations for each day, the modified model improved the prediction
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for day, one although it still was underestimated. It did very well for day two but not so well
for day three. For the third day, the model reproduced the evacuation pattern relatively well,
but the timing of the evacuations was offset by one time interval. More specifically, the
model’s predictions were one time interval before the observation. One possible reason for
such a difference might be due to the weight assigned to distance. This can be shown in
Figure 41, which plots the observed evacuation frequency distribution by distance for both
the Andrew and Floyd data. The plot for Andrew is the 100 percent Andrew data, while the
plot for Floyd is the 75 percent random sample for model estimation.

250

Floyd Data
200 +
>
[5)
c
g
2 150 |
4]
2
[y
c i
s 100
IS
3
S 50
>
L
k‘-\g
0 i i T T i
(2] [«2] (2] [«2] [«2] [«2] [«2] [«2] [22] [«2] [«2] [«2] [22] [«2] o (2] o (2] o (2] (2] (2] [=2]
+ o ¥ o ¥ o % o ¥ o ¥ o F o ¥ o ¥ o L o« o 9«
6 o % % @ 9@ @ 9 ¥ ¥ ©w L o o 5 L o 9 o o o g o
P © © © o © o o o o o o o o o o o o o = 9 o
& m © LB & m © L & 1’ & m 6 v o v o m o o o
— i N N ™ o™ < < wn [Te) (=] (=] ~ ~ 5] [ee] o o o [T o
& o 4
— — —
Evacuation Distance
20 +
Andrew Data
> 15
%)
c
[}
=}
o
2 v
LL
c
K]
T
=) 5
o
g
Ll
0

Evacuation Distance

Figure 41
Observed evacuation frequency distribution by distance

From the figure, the Floyd data shows that there are four modes in the distribution.
However, the second mode is significantly larger than the rest. This mode peaks when the
distance is around 450 to 500 miles. The model is estimated with the weight of distance
being the largest for this distance range (see Figure 9 for shape=8 and scale=0.6). On the
other hand, the Andrew data shows that there are three modes; the first being the largest, and
the second slightly lower. For the distance around 450-500 miles, the evacuation frequency
is among the lowest. This is because it was nighttime for that distance range and evacuation

100



tends to be the lowest at night. Having applied the same gamma distribution parameters from
the Floyd data to the Andrew data, it seems that the distances in the neighborhood of 300
miles were not given correct weights. When distance was close to but larger than 300 miles,
it was over-weighted; when distance was close to but smaller than 300 miles, it was under-
weighted. The distance around 650-700 miles and 1000 miles was also under-weighted. As
a result, the model under-predicts for the first two days, over-predicts at the beginning of the
third day, and under-predicts the latter part of the third day. Therefore, to better transfer the
model, further study of the treatment of distance is needed.

The fact that the two datasets were not completely compatible with each other and had to be
modified for transferability study may also play a role in reducing the accuracy of model
transferability. Instead of transferring the more accurate model estimated from the original
Floyd data, a new model based on the modified Floyd data was estimated and applied to the
Andrew data. In the new model, TOD only had three categories, which is contrary to four in
the model estimated from the original Floyd data. Reducing the number of categories of
TOD might hinder the model’s capability to make accurate predictions. However, it seems
that the impact of the weight of distance is more prominent.

To modify both the ASC and parameter scale is a more complicated issue. The non-linearity
of equation 41 makes it difficult. Usually when applying multinomial logit models in
transportation, for example in a mode choice model, some aggregate shares of mode choice
are readily available. Such information can be used to update ASCs and/or even a scale
factor for the rest of the parameters. However, for hurricane evacuation demand modeling,
such information is difficult to find. As a matter of fact, the information used to adjust the
ASC, which is the total number of evacuations, is part of what is expected of the model.
Therefore, such an adjustment may not even be possible. The dilemma is that it is well
known that the model’s transferability will be improved if updated with some readily
available local information, but at the current stage it is not even clear what such information
is. This issue warrants further study.

Model Post-Processing

The model estimated through the maximum likelihood function is the binary logit model, not
the sequential logit model itself. As a result, the model estimation process does not
guarantee that the total value of model predicted evacuation for all time intervals for all
households equals the total observed evacuation. For example, the sequential model with the
Andrew data predicted a total evacuation of 128.5, while the total observed evacuation was
124 (Table 26); for the Floyd data, the model predicted a total evacuation of 241 and the
observed evacuation was 246, which can be calculated from Table 29. The same procedure
described by equation 41 should be used to correct this difference. Such a post-processing
procedure not only ensures a valid estimation of the binary logit model but also keeps the
sequential part of the model balanced with the total prediction and observation.

The Dynamic Models Developed in This Study vs. Models in Current Practice

In this subsection, the dynamic models developed in this study were compared with the
models that are currently used in hurricane evacuation modeling. The purpose of the
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comparison is to demonstrate that the current practice cannot adequately satisfy the demand
of producing dynamic evacuation predictions, while the dynamic models developed in this
study can meet the challenge. Current practice in hurricane evacuation travel demand
modeling is a two-step process that uses response curves to incorporate the dynamic aspect to
the static assessment of evacuation demand from the participation rate models. Two
comparisons were conducted. The first comparison was between the model predicted
evacuation rates from our sequential logit model and those from the PBS & J model /20].
The data used were the Andrew data. The second comparison was between the commonly
used response curves and the observed evacuation curves from the Floyd data.

Comparing the Evacuation Rates

Generally, participation rate models use simple relationships, such as means, rates, and
distributions. Mei [/17] applied the PBS & J model /20] to the Andrew data and gave a
comparison of model predicted and observed evacuation rates for 12 parishes. The PBS & J
model was a participation rate model. In this section, this information was used to compare
the predictions from the sequential logit model with the Andrew data. Note that the Andrew
sequential logit model is not our best model. Table 53 presents such comparison. The
overall predicted evacuation rates in the table were weighted means of the predictions across
the 12 parishes. However, the observed overall evacuation rates were calculated with all
households, which were 410 for the PBS & J model and 350 for the sequential logit model.
This difference is due to the fact that some households had missing information that was
needed by the sequential logit model. As a result, the observed overall evacuation rates were
different between the two models. Therefore, the percent error, which was defined as
“(estimated value - observed value)/observed value” expressed in percentage, is the
appropriate criterion for comparison.

Table 53
Comparing the sequential logit model and PBS & J model
Parish PBS & J Model Sequential Logit Model

Predicted Observed % Error Predicted Observed % Error

Cameron 100.0% 100.0% 0.0% 52.4% 100.0% -47.6%
Calcasieu 65.8% 30.1% 118.0% 25.6% 24.3% 5.3%
Jefferson Davis 37.2% 14.3% 160.0% 21.5% 14.3% 50.3%
Vermillion 66.5% 75.0% -11.3% 34.9% 77.8% -55.1%
Acadia 54.3% 34.6% 56.9% 28.4% 30.4% -6.6%
Lafayette 14.8% 22.6% -34.5% 28.9% 20.5% 41.0%
Iberia 98.6% 57.9% 70.0% 39.6% 54.5% -27.3%
Iberville 44.7% 40.0% 12.0% 38.8% 33.3% 16.5%

St. Martin 43.6% 73.3% -40.5% 31.4% 44.4% -29.3%
Terrebonne 100.0% 42.9% 133.0% 51.9% 37.1% 39.9%
St. Mary 100.0% 90.3% 11.0% 48.8% 91.7% -46.8%
Assumption 87.7% 40.0% 119.0% 36.7% 25.0% 46.8%
Overa“fa‘;zcua“on 54.0% 42.5% 27.0% 34.3% 35.4% 3.1%

In terms of overall evacuation, the model predicted and observed evacuation rates were 54.0
percent and 42.5 percent, respectively, for the PBS & J model, compared to 34.3 percent and
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35.4 percent for the sequential model, respectively. The PBS & J model had an overall
percent error of 27.0 percent, which was much larger than 3.1 percent from the sequential
logit model. At parish levels, the absolute value of maximum percent errors was 160.0
percent for the PBS & J model and only 55.0 percent for the sequential logit model. The
RMSE was 29.6 percent for the PBS & J model and only 23.9 percent for the sequential logit
model. It seems that the sequential logit model outperformed the PBS & J model in terms of
predicting evacuation rates.

Comparing the Response Curves

A response curve is the assumed departure time distribution of evacuees, usually expressed
as the cumulative percentage of evacuees evacuating by time period, and traditionally has
been assumed to take on a sigmoid shape. According to how the analyst expects the
evacuees to respond to an evacuation order, response curves are typically classified as
“quick,” “medium,” or “slow.” However, our study revealed a quite different shape of the
response curve. In order to make a comparison, the response curves from Figure 1 and the
observed and the sequential logit model predicted response curves from the 25 percent Floyd
validation dataset were incorporated into Figure 42.
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Figure 42
Floyd evacuation curve and typically used response curves

The 0 hour is time interval 28 in the Floyd model, between 6 a.m. and 7 a.m., when a
voluntary evacuation order was issued. At the 6™ hour, between 12 p.m. and 1 p.m., a
mandatory evacuation order was issued. The assumed response curves are flat at the two
ends and steep in the middle, indicating only one peak evacuation. However, the Floyd
evacuation curve has two steep sections, indicating more than one peak evacuation. This
reflects multi-day evacuation and time-of-day impact. None of the typically assumed
response curves come close to resembling the shape of the actual Floyd evacuation curve.
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However, the sequential logit model closely reproduced the observed response curve. Some

disadvantages of the current response curve method can be drawn:

1. The current response curve method usually covers a shorter period of evacuation, for
example, less than a day after an evacuation order is issued. However, actual evacuation
may take several days, both before and after an evacuation is issued, as is the case for
Hurricanes Andrew and Floyd.

2. The current response curve method takes the time when an evacuation order is issued as
the reference point (zero hour), i.e., the values of time axis is relative. It cannot facilitate
to study if an evacuation order should be issued; if yes, what type and when to issue.
Neither can it distinguish the impact of a voluntary and a mandatory evacuation order, or
a combination of both.

3. Because the values of the time axis are relative to the time that the evacuation order is
issued, it is impossible for the typically assumed curves to reflect the time-of-day
variation, as is seen for the Floyd response curve.

4. The response curve method is a completely separate step that bears no connection with
the participation rate model.

5. The selection of the response curve is subjective, reflecting the perception of the analyst
only. There is no mechanism to quantitatively analyze the impact of the hurricane
characteristics, such as hurricane speed, storm track, etc. It is also an aggregate model
that does not reflect the evacuation behavior of a household facing the threat of an
incoming hurricane.

However, nearly all the above problems associated with the response curve method can be
resolved with the methodologies discussed in this study, especially the sequential choice
method. This is demonstrated throughout the analysis in this section.

Application of the Sequential Choice Model to Other Hazards

In this research, the sequential choice model was applied to study dynamic hurricane
evacuation demand. Is the sequential choice model applicable to other hazard situations,
such as nuclear power plant accidents, chemical spills, or even terrorist attack? To answer
the question, the sequential choice paradigm used in this study needs to be revisited. The
sequential choice considered in this study is based on the assumption that

1. individual household constantly reassess an approaching threat, thereby, incorporating
sequential assessment as a basic characteristic of the approach;

2. conditions change over time; and,

3. people have enough time to assess the risk dynamically and make evacuation decisions
accordingly.

Take the threat of a hurricane as an example. Storm advisories are issued by the National
Hurricane Center showing areas that are at risk within the next 24-36 hours. Local media
also provide information on the pending storm and the threat it poses. As a result, people are
constantly being kept up to date with information on the hazard and how it is changing over
time. For instance, the path of the hurricane may move closer to where the household lives,
or it may take a different track and move away from the household; the storm may intensify,
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or the risk of storm surge and subsequent flooding may arise. Such dynamic information of
the hurricane is readily available, helping people to assess the risk dynamically and making
evacuation decisions according to the assessment of the risk. A hazard like this is an ideal
candidate to apply the sequential choice model. On the other hand, in the case of a nuclear
power plant accident, little warning may be provided; and the hazard may be so immense that
the sequential assessment of the hazard, in which the decision to evacuate or not is made in
each step of the sequence, is no longer applicable. However, if the authority has a reliable
warning of an impending accident before the event, and the public is well informed of the
development of the event such that people can assess the risk from the accident dynamically,
then it is a sequential decision process, and the sequential choice model can be applied.

From the above analysis, whether or not the sequential choice model can be applied to a

hazard depends on the specifics of the threat. If all the three conditions are met, then the
sequential choice model can be applied.
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CONCLUSIONS AND DIRECTIONS FOR FUTURE RESEARCH

Conclusions

The objective of this study was to address two hypotheses. The first hypothesis was that
dynamic travel demand models could be developed that reproduce hurricane evacuation
travel more accurately than conventional methods using evacuation participation rates and
response curves. The second hypothesis was that such models could be transferred to
different locations with different storm and policy conditions. Based on the study conducted
in this research, the two hypotheses have been validated and the following conclusions can
be drawn:

1.

It is possible to produce dynamic travel demand models for hurricane evacuation that are
more accurate than conventional models that use participation rates and response curves
to estimate dynamic evacuation demand.

The sequential logit model and the participation rate model from PBS & J were compared
on the Andrew data. In terms of overall evacuation rates, the sequential logit model
prediction had a percent error of 3.1 percent, contrasting the 27.0 percent for the PBS & J
model. When compared at parish level, the sequential logit model had the maximum
absolute percent error of 55.0 percent, while the PBS & J model had 160.0 percent; the
sequential logit model had a RMSE of 23.9 percent, while the PBS & J model 29.6
percent. Clearly the sequential logit model outperformed the PBS & J model in terms of
predicting evacuation rates.

The comparisons of the response curves with the observed curve identified many
problems associated with the response curve method. For example, the response curve
method only covers a relatively short period of time after an evacuation order is issued,
and the curves are flat at both ends and steep in the middle, indicating one peak
evacuation in the middle of the evacuation. If the risk from the hurricane is high and
evacuation order is issued late, a quick response curve is assumed. On the other hand, if
the risk is low and evacuation order is issued early, then a slow response curve is
assumed. However, the actual response curves observed from both the Floyd and
Andrew data show much longer evacuation duration than those of the three typically
assumed response curves. In addition, there were also several steep parts in the curve,
indicating more than one peak evacuation. The conventional response curve method
might be applicable to study storms in the past, but the rapid increase of coastal
population versus relatively unchanged evacuation routes over the past decades /97]
might make the conventional curve method obsolete. Hurricane Floyd was a good
example. It was a large storm and caused the largest exodus in evacuation history with
intensive congestion and extended delays. Other problems with the response curve
method include being unable to assess the impact of the type and timing of evacuation
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orders, the subjective selection of a response curve, complete separation from the
participation rate model, and the model’s inability to include the impact of time-of-day, a
variable that has been proven to have a strong impact on evacuation behavior. On the
other hand, all the above problems can be resolved with the sequential logit model. This
was demonstrated throughout the analysis.

Both survival analysis and sequential choice methods can model the behavior of dynamic
hurricane evacuation travel demand, although the sequential models are superior to the
survival analysis models because it can include dynamic variables that significantly
improve the performance of the model. The two survival models lack the capacity to
include the time-of-day variable in the models. The Cox model sometimes cannot include
the variable evacuation order if the order is issued at the same time to all households. On
the other hand, the sequential models have this capability. The inclusion of the time-of-
day variable 7OD in the sequential logit model increased the model likelihood index ratio
from 0.148 to 0.197, decreased the RMSE from 5.85 to 2.79, resulting in a reduction of
52.4 percent in RMSE. Because of the popularity of the logit model, the sequential logit
model is recommended over the complementary log-log model, although the two models
have very similar estimated coefficients and produce almost identical predictions.

2. The sequential logit model developed in this study has demonstrated that it can reproduce
the evacuation behavior observed in different locations and under different storm
conditions with reasonable accuracy, i.e., the sequential logit model appears transferable.
The model estimated with Hurricane Floyd data in South Carolina was applied to
Hurricane Andrew data in southwest Louisiana. It reproduced the evacuation pattern
with a RMSE of 4.53, although further study of the treatment of distance is needed. This
is because the evacuation distributions by distance were different between Hurricanes
Andrew and Floyd, but the same gamma distribution parameters were applied to both,
causing certain values of distance being over weighted and others under weighted. The
model was also applied to a set of hypothetical storm conditions to which the model
estimated plausible results. For example, in the case of the Floyd data, a voluntary
evacuation order was issued at time interval 28 followed by a mandatory evacuation
order at time interval 31. The model estimation of the probability of evacuation for a
high-risk household was 69.7 percent. However, the model predicted a probability of
evacuation of only 20.3 percent if no evacuation orders were issued, 62.7 percent if a
voluntary evacuation order was issued at time interval 28, and 71.2 percent if a
mandatory evacuation order was issued alone at time interval 28. These results indicated
that an evacuation order greatly increases the probability of evacuation; the impact of a
mandatory evacuation order is only marginally larger than that of a voluntary evacuation
order; and the impact of issuing a mandatory evacuation order is approximately the same
as the impact of issuing a voluntary evacuation order first followed by a mandatory
evacuation order. Another example was the impact of hurricane wind speed. Three
different hypothetical values of speed were assumed for Hurricane Floyd, 110, 130, and
155 miles per hour, which are the maximum speeds of category 2, 3, and 4 hurricanes,
respectively. A voluntary evacuation order was assumed to be issued at time interval 28.
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The model predicted evacuation probabilities of 56.5 percent, 68.9 percent, and 83.0
percent respectively for a high-risk household, indicating that as the hurricane speed
increases, the probability of evacuation increases accordingly. Other hypothetical storm
conditions discussed in the analysis included different distance values resulting from
different hurricane tracks, different forward speed, and different household risk levels.

3. The sequential logit model developed in this study uses readily available and/or easy-to-
get variables in the model, which are also the major variables proven to be important in
hurricane evacuation. For example, the characteristics of a household are represented
only by its housing type (mobile home or not) and the propensity of the home location to
flooding. The rest of the variables were either the characteristics of the hurricane, which
can be obtained from public sources, such as the National Hurricane Center, FEMA,
NOAA, or similar agencies; or they were variables describing evacuation policy, which
are at the discretion of emergency officials. The comparison between the variables used
in this study with those that were identified important by Baker /46/ shows that the
models in this study capture the major independent variables.

The sequential logit model is easy to use. Only a binary logit model needs to be
estimated, and the rest of the calculation can be easily conducted in a spreadsheet. The
sequential logit model itself does not need to assume that the binary logit models for each
time interval are the same. However, such an assumption greatly reduces the model
estimation effort and improves the model applicability.

Directions for Future Research

During the course of this study, an increased understanding on modeling dynamic travel
demand for hurricane evacuation was gained, and opportunities for further research were also
identified. They are discussed below.

Treatment of Distance

The treatment of distance to the storm and its impact on evacuation behavior warrants further
study. Throughout the study, the variable distance played a very important role in modeling
hurricane evacuation. A logarithmic transformation was used to represent the impact of
distance when modeling the Andrew data. However, for the Floyd data, a gamma
distribution was used to represent the impact of distance. The impact of the logarithmic
transformation is to give more weight to the distance when the hurricane is close and less
weight when the hurricane is distant. However, the impact of the gamma distribution is to
give more weight to distance in the middle. The weight increases gradually as the value of
distance decreases when the hurricane approaches; after reaching the peak, the weight begins
to decrease. In this study, distance was given the highest weight when its value was between
400 and 500 miles. It is believed the latter is a better alternative because it better represents
the evacuation distribution of distance.
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In addition, there seems to exist an interaction between distance and time-of-day that this
study could not explore for lack of more extensive data. This was revealed from the analysis
of the model transferability from Floyd to Andrew. It was suggested that the parameter
selection of the gamma distribution might be different because certain values of distance that
normally are associated with the maximum evacuation may fall into certain time-of-day that
results either accentuates or attenuates evacuation more than the impact of distance and time-
of-day on their own. Interaction between distance and other variables, such as the risk of
flooding or the issuing of different evacuation orders, may also exist. Data in which these
variables varied would be necessary to estimate the interaction effects.

Another issue for future research that is related to distance is determining whether “distance”
is better described in terms of time to landfall (i.e., how many hours before the storm crosses
the coastline) rather than the literal distance (i.e., how many miles away) as used in this
study. The model estimated from the Andrew data in this study found both distance and
forward speed of the storm to be significant variables, suggesting that a variable that
combined them would be significant as well. However, treating them separately or combined
would produce different results. This is because when they are considered separately they
are considered additive terms in the utility function, and only distance is transformed with a
non-linear transformation. It is likely that “time to landfall” would also need to be
transformed in a similar manner to distance, although the transformation may be different.
Further investigation of this aspect of the model formulation is needed.

Model transferability

Only limited transferability analysis was conducted in this study although the initial analysis
showed encouraging results. More data that cover a wide range of geographic areas and
hurricane categories are needed to better explore this subject. Updating ASCs and/or the
scale of the parameters based on the aggregate shares of the population or sub-populations
are something that is readily achievable in a regular multinomial logit model. However, in a
sequential logit model, a binary logit model is estimated to best-fit conditions in all time
intervals, and aggregate shares change for each interval. Typically, these aggregate shares
are not readily available like they are in a regular multinomial logit model. For example, in a
regular multinomial logit mode choice model, the alternative specific constants of a
transferred model can be updated by merely knowing the aggregate modal share in the area
to which the model is being transferred. On the other hand, transferring a dynamic sequential
logit model to a new area would require share information (the proportion of households
evacuating) for each time interval, and this is not readily available data unless a special
survey is conducted. Even if such information were available, the procedure by which the
parameters are updated still has to be developed.

The Impact of Time Interval Length

The impact that the length of the time interval has on the accuracy of dynamic demand
estimation is unknown. Intuitively, the shorter the time interval, the more accurate the
estimate. However, this will also mean there are more stringent data requirements, and the
computational effort will be greater. On the other hand, if the time interval is too long, the
dynamic aspect of the modeling will be lost. The optimal length of interval is likely to be a
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tradeoff between the accuracy of the study, the cost and availability of more detailed data,
and the purpose of the study (long term, short term, or real time operation). Moreover, the
impact of unequal time intervals also needs to be explored.

Model Performance at Evacuation Zone Level

In this study, the model was tested at parish level. However, ideally, the model should be
able to predict the number of evacuations satisfactorily at the level of evacuation zone, which
is typically much smaller than county level. Further study is needed to explore how the
model performs at evacuation zone level.

Testing for State Dependency

One assumption that was made in the derivation of the sequential choice model was that the
utility differences among different time intervals were independent, i.e., there is no state
dependency among time intervals. This assumption needs to be satisfied to apply the
sequential choice model. It is believed that this assumption can be tested by first estimating a
new model, excluding one or more time intervals, and then testing for the hypothesis that the
logit model parameters are the same between the new model and the original model. If
independent, the hypothesis should not be rejected. The validity of this idea needs to be
proved with further statistical derivation.

Detailed Categorization of Flood

In the use of the Floyd data in this study, households living in an evacuation zone that would
be flooded with a category 3 storm or above were coded as households who were at risk of
flooding. That is, the covariate flood was coded 1 if the household lived in a category 3 flood
zone or above and 0 otherwise. However, intuitively, a more detailed categorization of
households by a variety of factors (e.g., storm category, storm path, and storm surge
potential) would seem appropriate. A more detailed definition of flooding potential and its
impact on the accuracy of modeling evacuation behavior needs to be explored.

Search for Other Variables

There are other variables that may impact a household’s decision to evacuate or not and were
not included in this study because they did not appear within the data used. An example of
such a variable is the evacuation behavior of a neighbor or the appeals of relatives and
friends. Other examples include the manner in which evacuation orders are communicated,
the content of the message, identification of those areas that will be affected by storm surge,
and the impact that owning pets has on evacuation behavior. New covariates are to be
explored and added in the model, provided such data are available.

Using SP Technique and Combining SP and RP Data

When studying hurricane evacuation, RP data are only available after an area has been hit by
a storm. This limits the opportunity to collect RP data. Added to this is the fact that in an RP
survey, some variables that would normally play a major role in an evacuation decision may
not vary much within the storm being observed. As a result, the impact of such variables
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cannot be estimated in the model. On the other hand, an SP survey can be designed to
investigate the impact of any variable, and it can be conducted at any time. In addition, a
small sample of SP data could be useful in model transfer, providing information to update
the model parameters through Bayesian updating procedures. It would seem that the
potential to combine SP and RP data provides the greatest opportunity to develop and
improve dynamic travel demand models for hurricane evacuation if the advantages of both
approaches can be used.

Developing Dynamic O-D Table for Hurricane Evacuation

In hurricane evacuation, people’s destination choice behavior is different from that of daily
travel. The traditional gravity-type trip distribution model may not be applicable. Plus, the
travel times between O-D pairs will not be constant but will vary from time interval to time
interval. As a result, how to transform the dynamic travel demand into a dynamic O-D table
is the natural challenge that follows.

Including Capacity Restraints to Dynamic Travel Demand

The models developed in this study have been estimated as if travel demand is insensitive to
travel supply. That is, no explicit account has been taken of the capacity of the transportation
network when estimating demand. This is a problem inherent in the basic four-step
procedure developed for urban transportation planning, unless an iterative process is
instituted to allow a balance to be established between supply and demand. However, such
an iterative application of the travel demand and trip assignment process is seldom applied in
urban transportation, primarily because demand is usually accommodated within the analysis
periods commonly used in urban transportation planning. This is not the case in hurricane
evacuation where evacuation demand may well exceed the capacity of evacuation routes for
extensive periods of time, causing long delays that can inhibit demand as persons considering
evacuating are discouraged by road conditions. Unfortunately, network conditions were not
included in our model since data on the impact that road conditions have on travel demand
were not available. Thus, even though the dynamic demand models developed in this study
were calibrated on evacuation trips that were actually made, further development is required
to make this evacuation demand process sensitive to the level of congestion on the
evacuation routes. More study is needed to link demand with supply, and perhaps this can
be achieved by adding an iterative feedback loop from a dynamic traffic assignment
procedure to the demand estimation process or by adding a variable reflecting level of road
congestions within the demand model formulation.

Predicting for the Maximum Evacuation

The model predicted evacuation probability as the sum of the expected values of each
household, not the maximum values. In transportation planning it is sometimes appropriate
to account for the maximum, or near maximum, value as the basis for decision making. An
example is the use of the 30™ highest hourly volume as the design volume for a highway. In
hurricane evacuation where people’s lives are at risk, it may also be appropriate to plan for
the worst case scenario, i.¢e., to plan for the situation where the model produces the maximum
evacuation traffic instead of the mean. When calculating the conditional probability using

112



the binary logit model, a standard error is available for the prediction. This makes it possible
to calculate the confidence band with certain level of confidence. Hence, the demand that
can be expected to be exceeded only a certain percentage of the time could be estimated.
However, the actual probability of evacuation for a household in each time interval is the
unconditional probabilities calculated with the sequential logit model, which uses the
conditional binary logit models repeatedly. As a result, finding the maximum probability of
evacuation with certain level of confidence is a more complicated problem. Further study is
needed to address this problem.
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Andrew
ANN
ATIS
ATMS
C Log-Log
DTA
FEMA
Floyd
ITA
1D
IRZ
ITS
GOF
LSU
MLE
MNL
NOAA
O-D
PAZ
Pz

RH
RMSE
RP

Sp
TAZ
TDM
TOD
TODF

ACRONYMS, ABBREVIATIONS, & SYMBOLS

Hurricane Andrew, 1992

Artificial Neural Network

Advanced Traveler Information Systems
Advanced Traffic Management Systems
Complementary Log-Log

Dynamic Traffic Assignment

The Federal Emergency Management Agency
Hurricane Floyd, 1999

Independent From Irrelevant Alternatives
Identically Independently Distributed
Immediate Response Zone

Intelligent Transportation Systems
Goodness-of-fit

Louisiana State University

Maximum Likelihood Estimation
Multinomial Logit Model

National Oceanic and Atmospheric Administration
Origin-Destination

Protective Action Zone

Precautionary Zone

Rolling Horizon
Root-Mean-Square-Error

Revealed Preference

Stated Preference

Traffic Analysis Zone

Transportation Demand Management
Time-of-Day

Time-of-Day Factor
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