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Abstract—Growing interest in performance reliability and 

improving data availability are motivating a shift towards 

probabilistic treatments of travel time across a number of 

intelligent transportation system applications. Hazard-based 

analysis supports the development of probabilistic travel time 

models and latent-class-style methodologies capture how the 

mechanisms affecting travel time are expected to differ based on 

congestion status. Benefiting from rich data available for 

metropolitan freeway travel times in the San Francisco Bay Area, 

this work studies how congestion state, traffic demand, roadway 

variables and weather impact travel time performance in a 

probabilistic regime. Congestion state is captured as an inferred 

yet unobserved segmentation in the data using latent 

segmentation, and hazard-based models of travel times are 

developed for the congested and uncongested classes. The final 

model represents an intuitive description of the factors that 

probabilistically influence travel time on freeways. The predicted 

aggregation shows excellent agreement with the data. With 

opportunities for improvement in the data sources and 

complexity of the latent segmentation, the final model 

nevertheless represents a simple yet flexible solution for 

understanding the relationships between travel time, traffic state 

and relevant behavioral, geometric and environmental factors.  

 
Index Terms— Travel time variability, Traffic modeling, 

Congestion, Latent segmentation formulation, Hazard-based 

analysis 

I. INTRODUCTION 

RAVEL time models form a common application for data 

collected by intelligent transportation system (ITS) 

devices and an important tool for optimizing the 

implementation of ITS devices such as ramp metering, 

variable message signs, variable speed limits and signal 

prioritization [1] - [3].  In the past, most models have returned 

a single value for travel time representing a typical or expected 

time to traverse a link or route. More recently, improved data 

availability and a growing interest in performance reliability 

have driven efforts in probabilistic models of travel time [4] - 

[6]. The probabilistic approach addresses the intuition that 
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travel time is stochastic, and various factors such as 

congestion, weather or geometric design can influence the 

probability of observing a travel time without determining the 

exact travel time observed under those conditions.  

Hazard-based analysis is one framework that can be used 

for modeling stochastic travel times. Hazard-based analysis 

models the probability of an event, often the failure of a 

mechanical component or the death of a patient, occurring at 

time t given that it has not occurred before time t.  In the 

context of travel time models, the hazard-based approach 

would model the probability of a vehicle traversing a link or 

route in time t given that it has not done so in less than time t. 

Hazard-based analysis has been applied in many transport 

contexts as summarized in reviews by Hensher and Mannering 

[7] and Bhat and Pinjari [8]. Specifically, the duration analysis 

has been used to model traffic flow attributes such as incidents 

and congestion [9] - [11] and behavioral and choice modeling 

[12] - [15]. In recent years, the hazard-based methods have 

been applied to travel time modeling [16] - [18].  The earlier 

hazard-based travel time models used route [16] or trip [17] 

travel times and introduced covariates into the parameters of 

log-logistic and Weibull distributions respectively. Moylan 

and Rashidi [18] focused on link travel times and first 

broached the importance of congestion state in the travel time 

model.  

Traffic state or congestion state estimation is widely used 

in ITS applications to allow for different behaviors above and 

below a congestion threshold [19]. For example, factors that 

influence travel time in freeflow conditions are heavily based 

on the roadway geometry and speed limit. In contrast, in 

congested conditions, the travel time might be subject to traffic 

volume or respond more sensitively to roadway geometry or 

weather. There are various techniques for incorporating 

information about the congestion state into a travel time 

model. The general technique of using mixture models to fit 

the travel time distribution [20], [21] can be applied to address 

the impact of congestion state. More explicitly [18], the 

observations were sorted into congested and uncongested and 

modeled separately. This simplistic approach developed into a 

two-stage modeling approach where the likelihood of being 

congested is first determined using a binary logit model and 

then used to weight hazard-based models of the travel time 

distribution in congested and uncongested conditions. This 

modeling framework incorporates three elements in the 

likelihood functions (the congestion model, the congested 

hazard function and the uncongested hazard function), in 
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which the congestion-determining element is completely 

independent of the hazard functions, which results in some 

accuracy and efficiency loss. Further, exogenous information 

about the status of being congested or uncongested is required 

in such a sequential approach, which can impose bias 

depending on the accuracy of the determinant. These 

shortcomings motivate the formulation of a joint-probability, 

stochastic travel time model that incorporates congestion state.  

Latent segmentation or latent class models are growing in 

popularity in transport research, particularly in behavioral 

modeling [22] - [25]. This technique acknowledges that an 

observation’s behavior depends both on observed traits and 

unobserved membership in classes. Membership in the classes 

is not specifically observed but can be inferred by a 

combination of the observable attributes and the resulting 

behavior. Some authors have applied latent class modifications 

to the hazard analysis framework [14] [24]  [25], although not 

in the context of differentiating congestion states in travel time 

models.  

The current work undertakes to improve earlier congestion-

segmented, hazard-based travel time models by implementing 

a hazard-based model with a latent-segmentation component. 

The details of the methodology are described in section II and 

the specifics relating to the case study and the data are found in 

section III. The results of the model, including internal and 

external validation, are presented in section IV. Section V 

provides a discussion of the model’s strengths and weaknesses 

as well as future work. 

II. METHODOLOGY 

The latent-segmentation, hazard-based travel time model 

uses one likelihood function to describe the distribution of link 

travel times associated with two congestion states. The travel 

times for each class (congestion state) are modeled with 

accelerated failure time hazard functions meaning that the 

covariates scale time rather than the probability of failure [7]. 

The hazard functions are log-logistic to accommodate the 

inflection point typically observed around the free-flow travel 

time, and this form also better accommodates the tail of the 

distribution compared to the commonly used log-normal 

distribution. External covariates are introduced into the scale 

parameter of the log-logistic function. A priori knowledge of 

the congestion state for a subset of the estimation sample is 

used to guide the segmentation for extreme cases while it is 

left to be endogenously determined for the rest of the sample 

points. The modeling of the congestion state for the ambiguous 

observations is the latent-segment contribution to the 

methodology. 

A. Modelling formulation 

The probability of membership in the congested class is 

modeled as a binary logit, 

𝑝𝑙𝑠 =
1

1 + 𝑒𝜷𝒍𝒔𝒙𝒍𝒔
, (1) 

where 𝒙𝒍𝒔 is the vector of covariates that determines 

membership in the segment and 𝜷𝒍𝒔 is the vector of 

coefficients to be estimated. The binary logit models the 

probability of a binary outcome—it is appropriate in this 

context because it models the probability of membership in the 

congested or uncongested classes. 

The failure rate functions for each class are the product of 

the hazard and survival functions, 

𝑓𝑐(𝑡) = ℎ𝑐(𝑡)𝑆𝑐(𝑡)  and  𝑓𝑢(𝑡) = ℎ𝑢(𝑡)𝑆𝑢(𝑡), (2) 

  

where ℎ(𝑡) = lim
Δ→0+

𝑝(𝑡≤𝑇<𝑡+Δ|𝑡≤𝑇)

Δ
, 𝑇 is a random variable 

representing the travel time on the link, and Δ is an 

infinitesimal time interval. 

In order to mimic the inflection in the travel time 

distribution, the hazard function is modeled as a log-logistic 

with covariates in the scale parameter, so 

ℎ𝑐(𝑡) =
𝑒

−𝜷𝒄𝒙𝒄/𝜶𝒄(𝑡−𝜇𝑐)
1

𝛼𝑐
−1

𝛼𝑐(1+𝑒
−𝜷𝒄𝒙𝒄/𝜶𝒄(𝑡−𝜇𝑐)

1
𝛼𝑐)

, (3) 

where 𝒙𝒄 is the vector of covariates that determines the scale 

parameter of the congested hazard function, 𝜷𝒄 is the 

corresponding vector of coefficients to be estimated, 𝛼𝑐 is the 

shape parameter of the congested hazard function and 𝜇𝑐 is the 

location parameter. The corresponding survival function is 

𝑆𝑐(𝑡) = (1 + 𝑒−𝜷𝒄𝒙𝒄(𝑡 − 𝜇𝑐)
1

𝛼𝑐)
−1

. (4) 

The failure rate, hazard, and survival functions for the 

uncongested class follow the same form, but the vectors of 𝒙𝒖 

and 𝜷𝒖 and the parameters 𝛼𝑢 and 𝜇𝑢 will be different. 

The individual likelihood function is the product of the 

hazard function for an observation that is definitely congested, 

the hazard function for an observation that is definitely not 

congested and the joint function for the latent-class 

component:  

 

𝐿 =  [𝑓𝑐(𝑡)]𝑑𝑐[𝑓𝑢(𝑡)]𝑑𝑢[𝑓𝑐(𝑡)𝑝𝑙𝑠 + 𝑓𝑢(𝑡)(1 − 𝑝𝑙𝑠)](1−𝑑𝑐)(1−𝑑𝑢) 

 

(5) 

where  𝑑𝑐 and 𝑑𝑢 are indicator variables that equal 1 when an 

observation is certainly congested or uncongested respectively 

and 0 otherwise. The model fits values for the βs, αs and μs 

that maximize the product of 𝐿 for all observations. 

 

The last term in 𝐿 pertaining to the latent segmentation 

part can be further explained by looking at the conditional 

probability of being in each segment:  

 

𝑃[𝑇 = 𝑡] = 𝑃[𝑇 = 𝑡|𝑖 ∈ 𝐴𝑐] + 𝑃[𝑇 = 𝑡|𝑖 ∈ 𝐴𝑢] = 𝑃[𝑇𝑐 = 𝑡] ×

𝑃[𝑖 ∈ 𝐴𝑐] + 𝑃[𝑇𝑢 = 𝑡] × 𝑃[𝑖 ∈ 𝐴𝑢]          (6) 
 

where 𝐴𝑐 refers to the space of congested observations, 𝐴𝑢 

refers to the space of uncongested observations, 𝑇𝑐 refers to the 

random variable in 𝐴𝑐 , 𝑇𝑢 refers to the random variable in 𝐴𝑢, 
𝑃[𝑖 ∈ 𝐴𝑐] and 𝑃[𝑖 ∈ 𝐴𝑢] provide the segmentation 

probabilities.  

B. Training data for the segmentation 

In order to guide the formation of the congested and 

uncongested classes, exogenous information about congestion 

state is provided in the form of the indicator variables 𝑑𝑐 and 

𝑑𝑢. These values equal one when an observation is deemed to 
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be clearly congested or uncongested respectively. Both  𝑑𝑐 and 

𝑑𝑢 equal zero for any observations where congestion state is 

ambiguous. Including congestion-state information for the 

extreme observations guides the model towards identifying the 

two congestion-based classes, but it is not restrictive on out-of-

sample predictions. By guiding the model to these two classes 

with the exogenously determined subsample, all ambiguous or 

unknown observations will be assigned probabilistically to the 

classes using the latent segmentation formulation.  Details 

about how 𝑑𝑐 and 𝑑𝑢 are calculated in this work are provided 

in section III.C. 

III. DATA 

The latent-segmentation, hazard-based travel time model is 

applied to a case study of freeway travel times in the San 

Francisco Bay Area. Covering nine counties, this dataset 

combines consistency (all locations are available from the 

same data sources) and heterogeneity (a variety of contexts are 

present in the dataset including urbanization, terrain, geometric 

design and environmental factors).   

 
Fig. 1.  Locations of the San Francisco Bay Area PeMS locations shown in 

dark on top of the Metropolitan Transportation Commission’s network in light. 

A. Data sources 

The work presented below uses the same dataset that is 

presented by Moylan and Rashidi [18]. The primary data 

source is California Department of Transportation’s (Caltrans’) 

Performance Measurement System (PeMS) available from 

http://pems.dot.ca.gov/. Loop detectors measure when a 

vehicle passes above a buried loop of wire. By calculating how 

long each vehicle spends above the loop and how many 

vehicles pass over the loop, the detector provides speeds and 

volumes respectively on California freeways including 

interstate highways and state routes. Loop detector data is used 

in a wide variety of ITS applications including travel time 

modeling [26]. This work relies on hourly average values for 

about 800 locations across the Bay Area from January 2013 

totaling about 550,000 observations. A map of the locations is 

shown in Error! Reference source not found. and the data 

are summarized in Table 1. 

Across the month, less than 5% of the observations are 

identified as clearly congested. The imbalance between 

congested and uncongested observations makes it difficult to 

model the impact of congestion state on the travel time. In 

order to work with a more balanced dataset, a 70% sample of 

the observations from 5-6pm is used to estimate the model. 

The remaining 30% are used for validation. During this peak-

period sample, about a quarter of the data are flagged as 

certainly congested.  

The speed and volume measurements are supplemented with 

roadway geometry variables from Caltrans. This information 

includes the number and width of the lanes, shoulder width, 

design speed and terrain (classified into flat or hilly). The 

roadway variables are specific to the loop-detector locations, 

so they do not change over the time period of the study and 

their variation is not biased by the time-of-day sampling. 

Additionally, regional weather data from the National 

Oceanic and Atmospheric Administration’s National Climatic 

Data Center is used to describe the changeable road conditions 

experienced by drivers. These values are based on daily 

aggregates taken from five Bay Area weather stations, so all 

locations and time periods in the same day share the same 

weather values. This aggregation is a shortcoming in the 

dataset, but it is not possible to match the locations of the 

weather stations to the loop detectors without meteorological 

modeling that is beyond the scope of this work.  

TABLE I 
DATA 

Variable Units Mean 
Std. 

Dev. 
Min Max 

Average speed mi/hr 57.46 13.84 4.50 81.90 

Time of day hours 11.52 6.92 0 23 

Congestion Indicator 
 

0.05 0.21 0 1 

Freeflow speed mi/hr 69.39 4.17 45.1 81.7 

Hourly average flow 
veh/ 

lane-hr 
662.39 464.84 0.25 2157.25 

Number of lanes 
 

3.68 1.01 1 7 

Lane width feet 12.06 0.67 11 20 

Outer shoulder width feet 9.25 2.09 0 20 

Inner shoulder width feet 6.98 4.24 0 26 

Design speed mi/hr 68.76 4.05 45 70 

Average precipitation mm 0.44 1.16 0.0 5.2 

Average wind speed m/s 1.89 1.39 0.4 5.8 

2-min wind speed m/s 5.91 2.66 2.9 12.3 

5-sec wind speed m/s 7.39 3.32 3.8 14.6 

Fog prevalence a % 0.14 0.20 0 0.5 

Fog indicator 
 

0.36 0.48 0 1 

Rain indicator 
 

0.33 0.47 0 1 

Smoke indicator 
 

0.39 0.49 0 1 

Terrain  
(0=flat, 1=hilly)  

0.37 0.54 0 2 

a. Percent of weather stations reporting fog 
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B. Calculations 

In order to model travel time, measured loop-detector speed 

is converted to travel rate which is the time to travel one mile. 

Each hourly average at each link is interpreted as a pseudo-

vehicle—a single measurement created by aggregating over 

one hour. The pseudo-vehicle has a failure time (time in 

minutes that it takes to drive one mile) that is equal to 60 

minutes per hour divided by the speed where speed is 

measured in miles per hour. From the modeling perspective, 

these pseudo-vehicles behave the same way that more 

disaggregate measures would, but the aggregated data will 

show lower variability than observations of individual 

vehicles.  

C. Congestion state 

Congestion state is identified for some of the observations in 

the data in order to take advantage of information about very 

straightforward cases rather than leaving everything to be 

determined by the latent-segmentation model. Each location is 

matched to a freeflow speed that corresponds to the slope of 

the ascending leg of the location-specific flow-density 

diagram. Specifically, this is estimated for each location using 

the average speed for uncongested observations flow 

approaches zero. Additionally, each location is associated with 

a critical density estimated as the density associated with the 

maximum flow for those locations where the capacity is 

observed (i.e. where there is a turnover in the flow-density 

diagram). Critical density is undefined for locations where the 

turnover is not observed. 

To capture the stochasticity of the uncongested behavior, an 

observation is considered clearly uncongested if the speed is 

faster than 95% of the freeflow speed for that location. The 

95% cutoff is a heuristic that captures the observed behavior 

that traffic travelling near to or above the freeflow speed must 

be uncongested. An observation is considered congested if the 

observed density is greater than the critical density for that 

location. If an observation meets both of these criteria, it is 

flagged as uncongested. 

Of the approximately 16,000 observations used in the 5-6pm 

estimation sample, just under half can be identified as either 

clearly congested or clearly uncongested. The remaining half 

remained to be determined in a stochastic fashion by the latent 

segmentation. It is crucial to note that in the model validation 

sample, no information about congestion, freeflow speed or 

critical density is provided, and the goodness of fit is driven by 

how well the latent segmentation component of the model can 

assign membership. 

IV. RESULTS 

A. Model specification 

Following the model form described in Section Error! 

Reference source not found., vectors of covariates are 

selected to constrain the latent segmentation, congested and 

uncongested components of the likelihood function 

(𝐱𝐥𝐬, 𝐱𝐜, 𝐱𝐮). In each case, a combination of traffic, road 

geometry and environmental variables are considered. The 

initial model is created using the full set of variables consistent 

with the physical interpretation of the model. Insignificant 

covariates are removed stepwise while verifying that the sign 

and magnitude of the remaining estimated coefficients are 

intuitive. 

Traffic conditions are captured by the measured flow at 

that time and location—note that flow is measured rather than 

demand. Higher demands are expected to be associated with 

the congested class, and we expect high flow to reflect this 

relationship. Within the failure rate functions, high flows are 

associated with shorter travel times in the congested class and 

longer travel times in the uncongested class.  

Geometric variables include number of lanes, lane width 

and shoulder width, local terrain and the location-specific free 

flow speed. Wide lanes and shoulders should decrease travel 

time in either congested or uncongested states, and hilly terrain 

should contribute to longer travel times when other variables 

are controlled. Freeflow speed should be negatively correlated 

with travel time in the uncongested state because it should 

reflect uncongested speeds. Locations with high freeflow 

speeds are likely to have excess capacity in off-peak periods, 

which should correspond with vulnerable congested locations 

in the 5-6pm sample.  

Environmental or weather variables primarily affect travel 

time through decreased visibility and more cautious driver 

behavior. All of the weather variables considered in the model 

(amount of precipitation, presence of precipitation on that day, 

wind speed, presence of smoke, and presence of fog) are 

expected to lead to increased probabilities of congestion and 

longer travel times.  

TABLE II 

MODEL COEFFICIENTS 

 Parameter Estimate P(>t) 

Latent Classes   

Congested 

travel times 

αa  0.429 0.000 

µb  0.733 0.000 

Log of hourly average flow -0.156 0.079 

Shoulder width/10 -0.149 0.000 

Precipitation  0.065 0.000 
5s wind speed  0.062 0.000 

Smoke indicator  0.623 0.000 

Terrain indicator  0.348 0.000 
Constant -0.050 0.939 

Uncongested 

travel times 

αa  0.096 0.000 

µb
  0.561 0.000 

Hourly average flow/10000  0.329 0.001 
Freeflow speed/100 -1.258 0.000 

Shoulder width/10 -0.097 0.000 

Fog prevalence  0.442 0.000 

Constant -0.144 0.005 

Class Segmentation   

 

Hourly average flow/10000  0.904 0.750 

Freeflow speed/100  2.378 0.000 

5s wind speed -0.122 0.000 
Fog prevalence  0.638 0.028 

Precipitation indicator  0.294 0.016 

Smoke indicator  0.573 0.000 
Terrain indicator  0.674 0.000 

Estimated coefficients for the model broken into the three components of the 
likelihood function. All model coefficients are estimated simultaneously.  

a The shape parameter of the log-logistic hazard function 
b The location parameter of the log-logistic hazard function  
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B. Model fit 

The final model uses 16,058 observations to fit 23 

parameters. The estimated coefficients are summarized in 

Table 2. All of the coefficients contribute to the model with the 

expected sign except for the role of wind speed in the latent 

segmentation. The model shows strong significance with the 

exception of average flow in the latent segmentation model. 

This is somewhat expected since congestion occurs when 

demand is high, but this dataset only observes changes in flow. 

The final value of the log-likelihood function is 7,525 

compared to a likelihood function of 7,387 for the constant-

only model that fits shape (α), scale (k) and location (µ) 

parameters for each class as well as a constant-only latent 

segmentation (kls). Comparing the likelihood ratio test statistic 

(−2 × [𝐿(0) − 𝐿(𝛽)]=275) for these models with a chi-

squared distribution with 16 degrees of freedom, the 

improvement due to covariates is significant with p<0.001. 

The goodness of fit of the constant-only model underscores the 

benefit of the latent-segmentation formulation, while adding 

covariates offers a significant improvement in the likelihood 

function as well as the interpretation of the model. 

 

C. Out of sample predictions 

The stochastic nature of the hazard-based modeling framework 

is a strength, but it also makes it difficult to validate the 

results. In order to compare the discrete realizations observed 

in the data to the probabilistic predictions from the model, it is 

necessary to build up an aggregate result over the entire 

sample. The 6916 observed travel times in the validation 

sample are collected into a single distribution (histogram) with 

no knowledge of congestion state (i.e. 𝑑𝑐 and 𝑑𝑢 are both 

equal to 0). Earlier work [18] shows how this distribution 

masks the different modes of the congested and uncongested 

distributions. Each observation is associated with a predicted 

probability distribution of travel times (the predicted failure 

rate function) which represents the congested and uncongested 

failure rate functions for those covariates weighted by the 

probability of assignment in each of those classes. The 6916 

failure rate functions are point-by-point averaged and 

compared to the histogram of observed travel times in Fig. 2. 

The model displays an excellent fit to the data. As implied by 

the similar likelihood values, the constant-only model also 

shows a good fit, which illustrates how useful the latent 

segmentation is.  

To further illustrate the value of the latent-segmentation 

model for making out of sample predictions, Table 3 presents 

the predicted coefficients for a two-stage hazard based model 

similar to that presented by Moylan and Rashidi [18]. This 

model uses the same data and begins from the same a priori 

assumptions. However, the two-stage separately estimates the 

likelihood for each of the component models and the 

probability of membership. As shown in Fig. 2, the latent 

segmentation approach shows clear improvements over the 

two-stage for low travel times and through the peak despite the 

fact that the two-stage model accommodates covariates in both 

the shape and scale parameters of the hazard functions. In 

addition to the simultaneous estimation of the likelihood 

functions, the observed improvement can be partly explained 

by the guidance given to the definition of the two classes in the 

newer model.  

Further, the fact that the latent-segmentation with constants-

only model outperforms the two-stage model to great extent 

shows the significance and capacity of the latent-segmentation 

formulation. To further improve the accuracy of the model 

especially for links falling at the peak or tails of the pdf, it is 

possible to include covariates reflecting the specific attributes 

of the link or factors affecting the link performance, which can 

significantly improve the goodness-of-fit of the model not only 

at the aggregate level of Fig. 2 but also at the individual level 

which is indicated in the log-likelihood function (7525 with 

covariates versus 7387 without covariates). 

 
Fig. 2.  Comparison of the observed travel times in the validation sample and 

their corresponding aggregated failure rate function. The latent-segmentation, 
hazard-based model shows improvements over the latent-segmentation, 

constants-only model and the two-stage model presented in [18]. 

V. DISCUSSION 

A. Model Interpretation 

The latent segmentation hazard-based travel time model 

portrays an intuitive relationship between travel time, 

congestion state and the traffic, roadway and environmental 

covariates. The estimated coefficients confirm a general 

framework where bad weather increases travel time, some 

geometric designs improve travel times and increased demand 

can exacerbate congestion (with the important caveat that 

observed flow has a non-linear relationship with demand).  

The hazard-based approach supports a probabilistic 

framework for travel time modeling. In order to assess system 

reliability, it is necessary to conceptualize travel times as a 

random variable influenced by relevant factors. One 

contribution of this work is to further explore the role that 

congestion state plays in determining the impact of these 

variables. As argued in the past [18], this work shows that 

travel times are influenced by different factors in different 

ways during and outside of congestion. The improved 

goodness of fit illustrated in Fig. 2 supports the argument that 

the latent segmentation formulation offers an advantage in 

simultaneously modeling the probability of membership in the 

congested state and the travel time distributions.   

Some key characteristics of the congestion-travel time 
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relationship cannot be explored with this dataset. Notably, the 

distinction between observed flow and travel demand limits 

our ability to model probability of membership in the 

congestion states, although the role of traffic volume is clearer 

in determining travel time within each congestion state. The 

data are also limited in the spatial and temporal resolution of 

the covariates—for example, there is an important distinction 

between the impacts of low visibility due to current 

precipitation versus driver behavior on wet roads versus the 

changes in mode or destination choice that can result from 

precipitation being forecast on that day, but this dataset does 

not distinguish between those conditions.  

 

B. Future work 

The literature on traffic state estimation has defined 

congestion status in several ways. Although two-state or two-

phase models are popular, many authors have argued for more 

complex systems that capture the temporal dependence of the 

traffic system [26] [28]. The latent segmentation of travel time 

models could be further explored by testing the optimal 

number of classes—the results may provide some insights to 

the traffic state estimation field as well as travel time 

modeling. 

One opportunity for exploring additional traffic states is to 

guide the latent segmentation using the congestion 

classification presented in [19]. This work differentiates 

between congestion build-up, congestion, congestion 

dissipation and uncongested observations. Models comparing 

two-state (congested, uncongested), three-state (congested, 

uncongested, transition) and four-state (all four identified in 

that paper) segmentations offer a clear extension to the current 

work. 

There are various clear opportunities to improve the data. In 

addition to the shortcomings associated with coarse weather 

measurements and degeneracy between demand and flow, the 

model might also benefit from an independent travel time data 

source. The current data use loop detector data for speeds 

which are converted to travel times for pseudovehicles, and the 

same data source is used for measuring vehicle volumes, 

freeflow speeds, and the critical density used to define 

congestion state. It may be possible to acquire cell phone or 

toll transponder travel times so that the covariates used to 

constrain the model are from an exogenous data source.  
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