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Abstract 
Traffic congestion caused by nonrecurring incidents such as vehicle crashes 
and debris is a key issue for Traffic Management Centers (TMCs). Clearing 
incidents in a timely manner is essential to improve safety and reduce delays 
and emissions for the traveling public. However, TMCs and other responders 
face a challenge in predicting the duration of incidents (until the roadway is 
clear), making decisions about what resources to deploy is difficult. To address 
this problem, this research developed an analytical framework and end-to-end 
machine learning solution to predict the duration of the incident based on the 
information available as soon as an incident report is received. Quality predic-
tions of incident duration can help TMCs and other responders take a proac-
tive approach in deploying responder services such as tow trucks, and mainte-
nance crews, or activating alternative routes. The predictions use a combina-
tion of classification and regression machine learning modules. The perfor-
mance of the developed solution has been evaluated based on the Mean Abso-
lute Error (MAE), or deviation from the actual incident duration as well as 
Area Under the Curve (AUC) and Mean Absolute Percentage Error (MAPE). 
The results showed that the framework significantly improved the prediction 
of incident duration compared to previous research methods. 
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1. Introduction 

According to the Traffic Incident Management Handbook, an incident is defined 
as a non-recurring event that results in a reduction in the capacity of the roadway 
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or an abnormal increase in demand [1]. These incidents include, but are not lim-
ited to, vehicle crashes, disabled vehicles, debris, and spilled cargo. Incidents not 
only result in traveler delay but also increase the likelihood of secondary crashes 
and other secondary effects due to increased opportunities for secondary events 
to occur [2]. Secondary events can lead to increased demand for police, fire, and 
emergency services, reduced air quality, and other environmental impacts. 

Total incident duration is comprised of incident notification time, response 
time, and clearance time, as illustrated in Figure 1. As shown, the total incident 
duration is the total time from the start of the incident until the reported time of 
clearance for the event [3] and includes incident notification, response, and clear-
ance times. The incident notification time is from the start of the incident until 
the time it is reported. The response time is from the report time until the response 
unit’s arrival. The clearance time is the time taken to clear the incident after emer-
gency responders have arrived on the scene. 

While the incident duration time is not controlled by the responding agencies, 
dispatching the correct personnel and equipment can reduce the total incident du-
ration by minimizing the sum total of response and clearance times. This requires 
planning, preparedness, and coordination between responders. Information on 
what resources should be dispatched can be improved using predictive models of 
the total incident duration. For instance, having accurate predictions of the total 
incident duration can assist Traffic Management Center (TMC) operators in select-
ing the appropriate actions from potential options such as the following: (1) divert-
ing traffic to an alternate route, (2) providing a warning of a potential delay to trav-
elers planning to take a congested route and (3) ensuring helper services, such as 
safety service patrol [4] or maintenance crews, arrive at the incident spot on time. 
For example, if an incident will be cleared within a half hour, it may not be reason-
able to detour traffic on a route that increases the travel time over that amount of 
time. Helper services may also not be requested if the incident is cleared before the 
time it takes the service patrol to arrive at the incident location. 

 

 
Figure 1. Illustration of traffic incident duration. 

 
As indicated above, incident duration prediction is critically important for 

TMC for timely mitigation of traffic congestion, not only to forewarn people of 
crashes on a particular route in advance but also to reduce the likelihood of sec-
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ondary crashes. Past studies have focused on understanding and identifying fac-
tors related to incident type, roadway data, time of the day, weather conditions, 
speed, traffic volume, blocked lane, location, environment, weather, road charac-
teristics, temporal and spatial factors, and so on, either through associative mining 
or through prediction-based descriptive models that are either statistical or ma-
chine learning-based models. 

1.1. Literature Review 

Early work in the area of incident duration prediction used linear regression mod-
els and related statistical tests such as Analysis of Variance (ANOVA). Many of 
these models were limited by the number of data points [5]-[7]. The coefficient of 
determination, root mean squared error (RMSE), mean absolute error (MAE), 
and mean absolute percentage error (MAPE) were the performance metrics com-
monly used to report the efficiency of the ML models. The lowest MAPE that was 
reported with these models include that by [8], who reported 34.1% for a total of 
2,512 accidents using a cluster-based log-normal distribution model and a MAPE 
of 37% reported by Khattak et al. for a total of 59,804 accidents. 

Other methods that have been used in the published literature include fuzzy 
logic, Artificial Neural Networks (ANN), Bayesian methods, Survival or Hazard 
models, tree-based machine learning methods, and text mining. Among fuzzy 
logic-based approaches, the lowest MAPE was 36% with an average error of 0.3 
minutes reported by the authors in [9] and [10], respectively. However, these stud-
ies were also limited by fewer data points. Methods using ANN have also been 
attempted on small and large datasets, with Pereira et al. [11] achieving a median 
error of 9.9 minutes for a dataset of size 10,139 and Lopes et al. [12] achieving 
within 10 to 20 minutes error for a dataset of 10,762 incidents. 

Bayesian models are useful in applying prior knowledge of associations between 
variables in developing predictive models. Several authors have developed the in-
cident duration prediction problem into a classification problem and have used 
Bayesian approaches for predictions achieving accuracy ranging between 74% to 
80%. The authors of [13] used the Bayesian ANN model for a large dataset achiev-
ing a low MAPE of 0.18 to 0.29. Other Bayesian approaches that have been re-
ported include Bayesian propagation neural networks and Bayesian support vec-
tor regression [14]. 

Survival models or Hazard based models are used to predict the length of the 
duration between the occurrence of the event, and its clearance while also being 
capable of predicting when the incident duration will end given it has proceeded 
for time t. This ability of the models helps in the prediction of incident duration 
at different stages of the incident as presented in [15] using an AFT hazard-based 
model. Random parameter versions of these models have been suggested [16] 
[17], yet predictions using these are not straightforward. Fully parametric Hazard 
based models using log-normal and log-logistic distributions were used in [18] 
and reported a MAPE value of 47%. A logistic Accelerated Failure Time model 
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(AFT) has been presented in [19] that reported a MAPE of 43.7%, and another 
Weibull distribution parametric model using gamma heterogeneity was used in 
[20] to account for unobserved heterogeneity. In their exploration of proactive 
crash prediction models the authors in [21] developed a duration-based modeling 
framework using a nested logit model capable of predicting the occurrence of traf-
fic crashes and their severity. The model incorporates static and dynamic covari-
ates demonstrating enhanced predictive capabilities in real-time. In real-time, as 
time progresses, the traffic conditions change, and the new set of factors influence 
the incident duration, due to which time sequential models are useful. Incorpo-
rating additional features as the incident progresses can be very helpful in traffic 
decision-making. The inverse Gaussian frailty AFT model, Multilevel mixed-ef-
fect AFT model, and FMAM models were used to predict the incident duration 
with sequential TIM information in [22]. Multiple studies also identified that a 
single method could not suit all the incident duration ranges and came up with 
hybrid approaches that combine two or more methods. In the study [23], Hazard 
Based Duration Models (HBDMs) were used as leaves of the M5P Tree, and in the 
work of [24], fuzzy entropy was used to select the features, and ANN was used to 
predict the duration based on these features. A competing mixture model was pre-
sented in [25] to analyze the influence of the clearance method and other covari-
ates on traffic incidents. 

Tree-based models have also received significant attention in the published lit-
erature for incident duration. Results from the literature have reported MAPE 
values ranging between 42.7% to 65% [26]-[28]. A more recent focus has been on 
ensemble techniques like RF, Gradient Boost method, Extreme Gradient Boost 
Method, and Ada Boost owing to the superiority of performance with datasets 
with a large number of categorical variables [29]-[31]. In [30], RF models devel-
oped for long and short-duration datasets reported an MAE of 36.652 minutes 
and 14.97 minutes, respectively. 

Besides the approaches discussed above, text-based analysis was also used. In 
[11], the authors illustrated an improvement of more than 35% over non-textual 
models, and a knowledge-based method was used in [32] to estimate incident 
clearance duration on Maryland I-95. The authors of [33] utilized a combination 
of text mining and ensemble learning techniques to predict traffic accident dura-
tions, demonstrating that integrating unstructured and structured data signifi-
cantly enhances prediction accuracy. Similarly, the authors in [34] implemented 
a heterogeneous deep learning framework that leverages both structured and un-
structured text data to make accurate predictions of accident duration. In [35], a 
spatiotemporal feature learning model called TITAN was proposed that considers 
hidden spatiotemporal associations by considering connectivity between road 
segments in addition to identifying high-level features. In [36], a copula-based tri-
variate framework was used to generate a stochastic dependence relationship be-
tween the various variables capable of predicting incident duration. 

In the context of ML models, since no prior assumptions are made about the 
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distribution of the data, the ML models will be able to identify underlying rela-
tionships only if data challenges such as skewness and heterogeneous nature of 
the data are adjusted prior to training the ML models. The heterogeneous nature 
of the data is handled through the use of feature selection methods that help re-
strict the variables to a few of the most significant ones. In order to group similar 
data points, a general approach is to use supervised or unsupervised clustering 
methods. Supervised clustering of data points followed by the application of re-
gression models can be seen in [37] while an un-supervised approach can be seen 
in [29]. A supervised approach that makes use of the blending of results from 
multiple ML models for the prediction of incident duration has not been applied 
in the published literature. 

Ensemble learning is a method which combines multiple base learners or base 
models that can be classifiers or regressors which generates predictions that are 
learned and integrated into a single prediction by the next layer also called the 
meta-classifier or meta-regressor [38] [39]. Both homogenous and heterogenous 
ensemble methods exist with the former including methods like bagging and 
boosting and the latter including stacking [40] [41] and blending. Ensemble mod-
els are better suited to predict the outcome when there are complex patterns and 
interactions in the data. 

1.2. Objectives 

The general objective of this study is to develop a comprehensive incident dura-
tion prediction framework to support TMC operations using machine learning in 
a two-step process. Initially when an incident is reported only basic features like 
date and time, injuries, location and type of incident are reported. The first step 
of the developed process is simple and classifies the incident into one of the three 
incident duration zones—within a half hour (class 1), between half an hour and 2 
hours (class 2), and more than 2 hours (class 3) based on [11]. The advantage of 
this initial prediction is that it is simple and provides a rough estimate that enables 
prompt decision-making, such as resource allocation or emergency response 
planning. The second step of the developed process involves making a refined 
prediction of the incident duration in minutes when more features are available 
from the RAMS. The availability of more features helps capture the nuances of the 
incident duration more accurately by helping develop a more sophisticated re-
gression model that is able to make a more accurate prediction of the total incident 
duration. By providing both quick estimates and more accurate predictions over 
time, the two-step approach helps in optimizing resource allocation. Emergency 
response teams can use the initial predictions for immediate action, while more 
detailed predictions can inform longer-term planning and resource allocation. 
The two-step approach also allows for continuous learning and model improve-
ment. As more data becomes available and more features are collected, the models 
can be updated and refined, leading to improved predictions over time. The en-
semble techniques of blending and stacking have been have been leveraged to en-
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hance the performance of base models. By harnessing the collective insights of 
multiple models, blending and stacking amalgamate diverse perspectives captured 
by individual models, thereby refining predictions and enhancing accuracy. These 
ensemble methods not only mitigate overfitting but also excel in capturing intri-
cate patterns within the data, contributing to more robust and reliable predictions. 
The performance of the developed supervised ML framework has also been vali-
dated against an alternative framework, an unsupervised ML framework. 

A few applications of the developed framework have been provided in the Dis-
cussion section. Additionally, to understand if the classification step improves 
predictions, the Mean Absolute Error (MAE) results from the developed frame-
work have been compared with MAE results obtained from a framework that pre-
dicts without classifying the data into ranges. 

2. Data and Methodology 

The Advanced Traffic Management System (ATMS) events data is the primary 
source of information used in this paper. It is maintained by the Iowa Department 
of Transportation Traffic Management Center (TMC) and contains detailed rec-
ords of traffic incidents that occurred in the state. The data are collected by TMC 
operators that actively manage incidents on roads and include information such 
as the number of lanes closed, start and end times, the presence of emergency 
responders, and the severity of the incident. This information is useful for creating 
after-action reports, which allow the Iowa DOT to review and analyze their re-
sponse to incidents in order to identify areas for improvement. ATMS data are 
made available on a daily basis and include all incidents that have been closed the 
previous day [41]. The data used in this study was collected from 2017 to 2019. 

2.1. Data 

The Advanced Traffic Management System (ATMS) data used in this study in-
clude recurring and nonrecurring events, such as work zones, collisions, debris, 
stopped vehicles, and special events. However, the study focuses specifically on 
collisions involving 1, 2, or 3 vehicles and debris, as these types of incidents can 
have a significant impact on traffic flow and are within the control of TMC oper-
ators. The study also limits the analysis to incidents that occurred on rural and 
municipal interstates within the state of Iowa and excludes days with severe 
weather events as these can significantly impact incident duration. Concerning 
duration all incidents that recorded 0 minutes were removed along with those 
having duration greater than 1.5 time the inter-quartile were removed. To identify 
severe weather days, the study used the National Oceanic and Atmospheric Ad-
ministration’s (NOAA) storm database and excluded incidents that occurred in 
affected counties. After removing incomplete records, the study included a total 
of 5884 incidents that occurred over a three-year period. 

To address the correlation between variables in the data, the study removed 
features that had a high correlation value (greater than 0.4) and used the pycaret 
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tool to further address this issue. This helps to ensure that the model is not influ-
enced by correlated features, which can impact the accuracy of the model. Table 
1 presents pairs of variables that exhibit strong correlation. To maintain the in-
tegrity of the analysis and mitigate the effects of multi-collinearity, only one vari-
able from each pair while excluding the counterpart. The data was split into a train 
and test subset on which the machine learning models were trained and tested and 
a validation or holdout dataset which the models have never seen and represented 
5% pf the data was used to test the efficiency and robustness of the built models. 
To ensure that the training dataset and validation dataset are similar and that the 
split of data into these subsets does not introduce systemic bias, a Levene’s test for 
equality of variances and an independent t-test test were conducted, the results of 
which are summarized in Table 2 and Table 3, respectively. Levene’s test results 
show a p-value greater than 0.05, suggesting that the variances of the two subsets 
are more or less equal. The t-values are close to zero at 0.973 and 0.986 (p-values 
of 0.330 and 0.325) for equal and not equal assumed variances at an alpha level of 
0.05, indicating that there is statistically no significant difference in mean values 
between the two groups. 

 
Table 1. Correlation coefficients between variable pairs. 

Variable 1 Variable 2 Correlation 
Severity Total 0.817 
Injuries EMS 0.467 
Injuries Fire 0.402 
Terrain Road municipal interstate −0.729 
Terrain Road rural interstate 0.729 

Surface width Road municipal interstate 0.411 
Surface width Road rural interstate −0.411 
Surface width AADTnew 5 0.580 

EMS Fire 0.779 
County central County southeast −0.626 
County central County southwest −0.443 

County southwest AADTnew 3 0.531 
Detection cameras Detection police −0.432 

Detection HH Detection police −0.440 
Season autumn Season winter −0.408 

Dir E Dir W −0.402 
Surface type 65 Surface type 74 −0.458 

Road municipal interstate Road rural interstate −1.000 
AADTnew 4 AADTnew 5 −0.672 

 
Table 2. Levene’s test for equality of variances. 

Hypothesis F P-value 
Equal variances assumed 0.543 0.461 
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Table 3. Comparison of means of train-test subset and validation subset. (Independent t-test) 

Hypothesis t df One-sided p Two-sided p 
Mean  

difference 
Std error  
difference 

95% CI 
(lower) 

95% CI 
(upper) 

Equal  
variances 
assumed 

0.973 5882 0.165 0.330 2.131 2.189 −2.160 6.421 

Equal  
variances 

not assumed 
0.986 728.147 0.162 0.325 2.131 2.161 −2.113 6.374 

 
For the analysis, the dependent variable will be the duration of each incident, 

calculated as the time between when the incident started and when the roadway 
was cleared. The incident duration can be separated into three groups within 30 
minutes (short), between 30 minutes and 2 hours (medium) and more than 2 
hours (long). These groups were tested for their variance and the results of the 
ANOVA test can be seen in Table 4. From the results it is evident that a high value 
of F and p-value of 0 indicate significant differences in the mean responses of the 
three duration categories. Since F-test is highly significant, we can reject the null 
hypothesis that there is no difference in the means across the categories. This un-
derstanding is beneficial in designing and improving machine learning models 
since they can train and understand the specific factors that most influence a par-
ticular category of incident duration thus tailoring the model parameters to better 
fit the specific data distribution and pattern within each of these categories. A post 
hoc analysis using Tukey’s Honest Significant Difference (HSD) test was done and 
summarised in Table 5 in order to make multiple pairwise comparison of the data 
and helps control TypeI error [2] [42]. When comparing short versus medium-
duration events, it is found that the medium incidents are 47.3 minutes longer 
than short-duration events on average. The 95% confidence interval indicates that 
the true mean difference is found to fall between 45.76 and 48.83 and the finding 
is statistically significant. When comparing short and long-duration events long 
incidents are on average 176.92 minutes longer than short-duration events and 
the 95% confidence interval falls between 173.81 and 180.02 minutes. Finally, 
when comparing medium and long duration events, the mean duration events are 
found to be 129.62 minutes longer than medium incidents and the 95% confidence 
interval falls between 126.48 and 132.76 minutes. All these findings were statisti-
cally significant indicating that there are statistically significant differences be-
tween the three categories of events. 

 
Table 4. ANOVA results for incident time duration. 

Source Sum of squares df F-value Pr (>F) 
C (Actual class) 1.148 × 107 2 9852.797 <0.001 

Residual 3.428 × 106 5881 NA NA 

 
The underlying behavior of each of these categories can also be understood 

https://doi.org/10.4236/jtts.2025.152012


S. Ajit et al. 
 

 

DOI: 10.4236/jtts.2025.152012 230 Journal of Transportation Technologies 
 
 

from the feature importance graphs provided in Figure 2. It is evident that a dif-
ferent set of factors significantly influence the total duration in each category. The 
prominence of factors like hourly traffic volume, event type, and day of the week 
reflects their practical implications in traffic incident management. For example, 
the high importance of hourly traffic volume across all durations implies that 
higher traffic density can both expedite incident detection due to more witnesses 
and delay clearance due to congestion. This duality demonstrates the complex role 
traffic volume plays in incident dynamics. The significance of event type indicates 
that the nature of the incident (e.g., crash vs. debris) directly affects how resources 
are allocated and the strategies used for clearance, impacting the duration. The 
day of the week factor suggests that traffic patterns, which vary between weekdays 
and weekends, influence incident management, possibly due to differing traffic 
volumes or available response services. In medium and long durations, the im-
portance of the time of day, specifically afternoons and nights, reflects practical 
challenges such as reduced visibility at night or peak traffic volumes in the after-
noon, which can complicate the response efforts and prolong the clearance time. 
Similarly, environmental conditions like road surface types and seasonal influ-
ences underline how physical and weather-related factors can complicate incident 
handling, especially in regions prone to adverse conditions. Thus, understanding 
these factors helps in strategizing more effective incident management approaches 
tailored to specific circumstances. 

 

 
Figure 2. Feature importance in the three duration categories. 

 
Table 5. Tukey HSD post hoc comparison of means for incident duration categories. 

G1 G2 Mean Diff. Adj. P-Val Lower CI Upper CI Reject H0 
1 2 47.3 <0.001 45.76 48.83 Yes 
1 3 176.92 <0.001 173.81 180.02 Yes 
2 3 129.62 <0.001 126.48 132.76 Yes 
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The dataset includes several variables, which are listed in Table 6, along with 
their data types and any transformations that were applied. Columns with text 
data, such as information about responders, were converted to categorical varia-
bles. Binary variables were used to encode information about the presence of spe-
cific responders (e.g., police, firefighters, etc.) at the incident, with a value of 1 
indicating presence and 0 indicating absence. This responder information is de-
scribed in more detail in Table 7, which also includes statistics about the duration 
of incidents for each type of responder. 

 
Table 6. Explanation of variables in the dataset, their datatypes and transformations. 

Feature group Variable name Derived Datatype Categories 

Lane information 
Number of lanes(lanes) 
Only shoulders closed 

N 
Y 

Integer 
Binary 

NA 
1-responded, 0-did not respond 

Location information 
Direction 

County region city number 
N 

Y N 

Binary 
Factor 
Factor 

1: North, 2: South, 3: West, 4: East, 
North East, North West, Central, South East, 

South West 
Numerical binning 

Incident Event type Y Factor 
Crash (1vehicle, 2 vehicle and 3 vehicle 

crash), Debris 

Vehicles involved 
Vehicles 
Trucks 

N 
N 

Factor 
Factor 

0,1,2 and more than 3 
0,1,2 and more than 3 

Severity 
Injuries 

Fatalities 
N 
N 

Factor 
Factor 

injured, 0-not injured 
or more fatality, 0- no fatality 

Responder information 
Responder type:  

Police, TOW, DOT, DPS 
Y Factor 1-responded, 0-did not respond 

Detection Detection method N Factor 
Police, Highway Helper, Automated, 

DOT, Cameras, Others 

Temporal information 

Time of day (TOD) Y Factor Morning: 7am to 9am, Early Afternoon: 10am 
to 12pm, Afternoon: 1pm to 3pm, Evening 
rush:4 pm to 6pm, Evening: 7pm to 9pm, 

Night: 10pm to 6 am Integer encoding 0 to 6 
represent Monday to Sunday 

1 = Winter (December to February), 2 = Spring 
(March to May), 3 = Summer (June to August), 

4 = Autumn (September to November) 
2017, 2018, 2019 

Day of week (DOW)  
Season 

Y 
Factor  
Integer 

12 year Y Integer 

Traffic information 
Hourly traffic volume 

AADT 
Y Y 

Integer 
Factor 

NA 
1: 8,000, 2:8,000 - 12,000, 3:12,000 - 24,000, 

4:24,000 - 48,000, 5: 48,000 

Road characteristics 
Surface width surface type N Y 

Float  
Factor 

NA 
Grade and drained earth, gravel or stone,  

bituminous over gravel or stone, etc 
flat, rolly, hilly 

Terrain Y Factor 

 
Table 7. Responder information. 

Responder 
(presence) 

% of total 
incidents 

Incident duration 
mean (min) 

Incident duration 
median (min) 

DOT-No 91% 39.3 26 
DOT-Yes 9% 88.7 61 
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Continued  

EMS-No 88% 38.9 23 
EMS-Yes 12% 76.2 57 
HH-No 51% 40.0 22 
HH-Yes 49% 47.7 33 

Police-No 67% 33.6 17 
Police-Yes 33% 65.5 47 
TOW-No 77% 76.3 19 
TOW-Yes 23% 23.7 51 

 
Categorical variables that were not ordered were one-hot encoded. To avoid the 

dummy variable trap in the dataset, one category was excluded from each set of 
one-hot encoded variables, preventing multicollinearity among the predictors. 
This adjustment is made to enhance the stability and interpretability of the mod-
els. Missing values for numerical variables were imputed with the mean value 
while missing values for categorical variables were imputed with a constant based 
on the mode. For the variables vehicles, trucks, injuries, fatalities, and AADT, the 
variables were converted to categorical variables as described in Table 6. The sta-
tistics for the Average Annual Daily Traffic (AADT) information in the dataset 
are provided in Table 8. It can be seen from these statistics that the majority of 
incidents have a duration in short to medium range. 

 
Table 8. AADT versus incident duration. 

AADT Avg. total Median total No. of records 
16,000 47.8 28 153 
27,700 28.8 4 131 
45,300 54.6 43 151 
57,000 28.4 14 266 
100,500 30.4 20 194 

 
The basic statistics related to the dataset have been provided in Table 9. These 

descriptive statistics show the wide variance in roadway clearance times with val-
ues ranging from 1 to 542 minutes, along with a positive skew of 3.06 minutes. 
This is addressed by removing the skew in the data using the Yeo-Johnson power 
transformation, a default transformation method found in Pycaret module which 
is more flexible than the box-cox transformation and capable of handling positive 
and negative values. Applying the best lambda value of 0.123 will reduce the skew 
of the dataset to −0.0279. 

 
Table 9. Statistical information on the total incident duration. 

Metric Value (minutes) 
Standard deviation 53.73 

Mean 45.23 
Median 31 

Minimum 1 
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Continued  

25th percentile 10 
75th percentile 59 

Maximum 542 

 

 
Figure 3. Overall workflow of developed framework when additional features are available. 

2.2. Methodology 

The framework for estimating event duration shown in Figure 3 can be separated 
into two core components, including the classification and regression modules. The 
goal of the first part of the framework in the classification module is to classify an 
event as being of short, medium, or long duration based on its total incident dura-
tion. Events with a duration of less than 30 minutes are classified as short duration, 
those between 30 minutes and 2 hours are classified as medium duration, and those 
lasting more than 2 hours are classified as long duration. The pre-classification 
module is built to direct the data flow toward specific predictive regression models 
that are custom-built for each of these duration categories. Moreover in the real-
world situation knowing the possible duration of each of the reported incidents can 
help traffic management agencies allocate resources more efficiently. 

The initial classification is based on only limited information available about an 
event, including its location, date, and time of day, since not all details about the 
event are available when the incident occurs. This minimal information is used to 
assign the event to one of the three duration categories. After the initial classifica-
tion, the data is then processed through a linear referencing system (LRS) module, 
which removes the spatial dependencies (latitude and longitude coordinates) of 
the data by adding two additional features: a Route ID and a Measure. The Route 
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ID represents the route on which the event occurred, while the Measure provides 
the linear distance of the event’s location from a reference point. These parameters 
are used to extract additional features, such as Average Annual Daily Traffic 
(AADT), terrain, surface width, and surface type, from the Roadway Asset Man-
agement System (RAMS). 

With the initial classification and additional attributes from the asset manage-
ment system, the event then moves to the regression module. The regression mod-
ule runs a regression model that is fine-tuned to predict the exact duration of the 
event based on the subset to which the data point belongs. Each model is trained 
on the training data, tested on holdout or test data, and then retrained on both the 
train and holdout data before saving the model. 

To develop a model with the best efficiency, the solution employs a process 
called blending, which combines the strengths of multiple models to create a sin-
gle model with hybrid features. 

In the classification module, it was found that the Random Forest model, the 
Extra Tree Classifier model, and the Light GBM model achieved the lowest mean 
absolute error (MAE). The predictions of these three models are combined by a 
meta-learner to give a blended final prediction, as shown in Figure 4. Similarly, 
for the regression module, the predictions from the combinations of Random For-
est model in combination with Catboost model are fed into meta-learner for 
short-duration prediction. Predictions from Random Forest model and Huber 
model are fed into meta-learner for mediumduration prediction. For long-dura-
tion event prediction, XG Boost model alone is used since it performed better than 
blended models. A Tobit model is used as a reference to evaluate the MAE value 
and determine how the methodology is improving the results [43]. 

 

 
Figure 4. Illustration of the concept of blending. 
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2.3. Model Evaluation Metrics 

One commonly used performance metric for evaluating classification models is 
the Area Under the Curve (AUC) of the Receiver Operating Characteristics (ROC) 
plot. The ROC curve plots the true positive rate against the false positive rate at 
different classification thresholds, and the AUC is calculated by finding the area 
under the ROC curve. A higher AUC value indicates that the model is better at 
distinguishing between the classes. In the problem at hand, accurate classification 
of an event into the correct duration category is crucial because it ensures that the 
appropriate regression model, which has been specifically trained for that cate-
gory, is applied. 
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Additionally, precision, accuracy, and recall are useful parameters for evaluat-
ing model performance. While accuracy indicates the performance of the model 
in predicting the correct class or category, precision indicates the ratio of what the 
model predicted correctly to what it predicted overall, and recall indicates what 
the model predicted correctly to what the true classifications are. Along with high 
AUC values, the best possible value for recall is also desired because the model 
needs to be sensitive toward the higher severity incidents that are associated with 
longer durations. In the case of regression models, commonly used evaluation 
metrics include Mean Absolute Error (MAE) and Root Mean Squared Error 
(RMSE). 
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2.4. Model Description 

The best-performing machine learning model for the classification and regression 
modules was selected based on the highest AUC value for the classification mod-
ule and the lowest mean absolute error (MAE) for the regression module. Tree-
based models generally performed better. To further improve model performance, 
ensemble methods of stacking and blending were applied. The following section 
provides a general overview of the top-performing models used in the classifica-
tion and regression modules. 

Random Forest Classifier and Regressor 
Random Forest is a robust ensemble learning method that leverages the concept 
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of bootstrap aggregation, or bagging, to train multiple decision trees on various 
subsamples of the dataset, each selected with replacement. The final prediction of 
the model integrates the outputs from all these individual trees. Two critical hy-
perparameters that significantly influence the efficacy of a Random Forest model 
are max depth and n estimators. The max depth parameter controls the maximum 
depth of each tree, affecting the complexity and the level of detail the trees can 
capture. On the other hand, n estimators define the total number of trees con-
structed in the forest. Fine-tuning these parameters can markedly enhance the 
model’s accuracy and overall performance. 

One of the primary objectives of Random Forest is to mitigate variance. Each 
tree in the ensemble is independently constructed using a random subset of the 
dataset, which helps to average out the high variance associated with individual 
trees, thereby enhancing the stability and accuracy of the model. Random Forest 
aggregates the predictions from multiple decision trees to form a final output, 
whether classifying objects into categories or predicting continuous values. Ad-
justing the depth of the trees and the number of trees in the ensemble allows for a 
balance between complexity and computational efficiency, optimizing the perfor-
mance for a variety of tasks. 

2.5. Gradient Boost Classifier and Regressor 

The Gradient Boosting algorithm constructs a robust predictive model by inte-
grating multiple simpler models. It progressively adds predictors to the ensemble, 
with each new predictor aiming to amend the errors of its predecessor. Specifi-
cally, each additional tree focuses on the residual errors left by earlier trees, 
thereby refining the overall predictions. This method is highly effective in han-
dling various feature types and is designed to prevent overfitting. 

The Gradient Boosting regressor operates similarly to the classifier. Initially, 
the model predicts the mean of the target values, and subsequent trees are added 
to predict and minimize residuals. Unlike the Random Forest model, which em-
ploys bagging to generate an ensemble, Gradient Boosting uses a boosting ap-
proach. In this approach, trees are constructed sequentially, and each new tree is 
tasked with correcting errors made by the trees that preceded it. 

Light Gradient Boost Classifier and Regressor (Light GBM) 
Light Gradient Boosting Machine (Light GBM) is an advanced implementation of 
gradient boosting algorithms, specifically optimized for efficiency and perfor-
mance. Unlike traditional gradient boosting techniques that build trees level-wise, 
Light GBM constructs trees leaf-wise. This distinctive strategy allows for faster 
learning and better adaptation to data, especially on large datasets. 

The fundamental operation of Light GBM can be described by the update rule 
where the model iteratively enhances its predictions. At each step, the algorithm 
selects the leaf that minimizes the loss when a new tree is added 

Key advantages of Light GBM include its high computational speed and lower 
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memory usage compared to other similar methods. It efficiently handles large-
scale data and focuses on achieving high accuracy in predictive tasks. This effi-
ciency is partly due to its leaf-wise tree growth and effective handling of sparse 
data, which reduces both the number of splits required and the overall computa-
tional complexity. 

Additionally, Light GBM incorporates several innovative techniques such as 
Gradient-based One-Side Sampling (GOSS) and Exclusive Feature Bundling 
(EFB), which further enhance its performance and scalability. These features 
make Light GBM particularly well-suited for scenarios requiring rapid processing 
of extensive data without compromising on model accuracy. 

2.6. Logistic Regression 

Logistic Regression is a widely-used statistical method for binary classification. It 
models the probability of a binary response based on one or more predictor vari-
ables. The probability that an outcome belongs to a particular class is modeled as 
a function of the predictors, using the logistic function, which is expressed math-
ematically as: 

( )
( )0 1 1
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1 n nx x

p y x
e β β β ′− + + +

= =
+ 

  

where ( )1, , nx x x=




 is the vector of predictor variables, 0 1, , , nβ β β
 are the 

coefficients of the model, and ( )1p y x=


 is the probability that the target vari-
able y is 1 given x . This model uses the logistic (or sigmoid) function to ensure 
that the output lies between 0 and 1, thus interpreting it as a probability. 

2.7. Bayesian Ridge Classifier 

Bayesian Ridge Classifier is an adaptation of ridge regression within a probabilistic 
framework that incorporates Bayesian inference for parameter estimation. It as-
sumes a prior distribution over the coefficients, usually Gaussian, and updates this 
prior in light of the observed data to produce a posterior distribution. 

2.8. Linear Discriminant Analysis (LDA) 

Linear Discriminant Analysis (LDA) aims to project data onto a lower dimen-
sional space while maintaining excellent class separability to mitigate overfitting 
and reduce computational costs. LDA achieves this by identifying axes, known as 
linear discriminants, which maximize the separation between classes. 

LDA is highly efficient and effective under the assumptions of normally distrib-
uted classes and equal covariance matrices, although it remains vulnerable to out-
liers and deviations from these assumptions. 

2.9. Ensemble Techniques: Stacking and Blending 

Stacking, also known as stacked generalization, is an advanced ensemble tech-
nique that combines multiple classification or regression models through a meta-
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classifier or meta-regressor. In stacking, individual models, referred to as base 
learners, are first trained on the full training dataset. The predictions from these 
base learners are then used as inputs for a second-level model, known as the meta-
learner. The meta-learner aims to synthesize the predictions of the base models to 
improve the overall predictive accuracy. 

This model structure allows stacking to exploit the strengths of each base 
model, potentially leading to superior performance compared to any single model 
alone. Blending is similar to stacking but simplifies the approach by using a hold-
out set from the training data to train the meta-learner. 

The main dataset is split into a training set and a validation set. First, the base 
models are trained on the training set. Their predictions for the validation set are 
then blended together using simple functions such as weighted averages, and this 
blended result is used to train the meta-learner. 

Tobit Model 
Tobit model is a class of regression models developed in 1958 with the intention 
of mitigating the problem truncated data. The Tobit model can also be considered 
a special case of a censored linear regression model that can be represented by the 
equation below: 

i L i U

L i L

U i U

y if y y y

y if y y

y if y y

∗ ∗

∗

∗

→ → < <

→ → <

→ → ≥

  

Here, yi∗ is a latent variable that is not always observable and, yL and yU are the 
lower and upper limits to which the model is censored. 

3. Results and Discussion 

During the training phase of the analysis, several models, including Random 
Forest (RF), CatBoost Regressor, Gradient Boost, Ada Boost, XGBoost, Linear 
Discriminant Anlsysis (LDA), Light GBM etc were trained and tested on the 
datasets, along with well as other base models such as SVM, Decision Tree, Lo-
gistic regression model and KNN. The models were then used to make predic-
tions on the test dataset and were ranked in descending order of AUC values for 
classification models and ascending order of MAE values for regression models. 
The classification model (s) with the highest AUC values and the regression 
model(s) with the lowest MAE values were identified as the best models. Addi-
tionally, stacking and blending were performed on the top 2, top 3 (BM3), top 4 
(BM4), and top 5 (BM5) best machine learning models to create four new mod-
els. These models were also evaluated in the same way and compared against the 
individual models to evaluate the improvement resulting from stacking and 
blending. 

The remainder of this section discusses the training, testing and validation re-
sults provided in Tables 10 and 11. 
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Table 10. Results from classification module (based on FS1 and FS2). 

Data Features Best model AUC Precision Accuracy Recall 
Train Basic Blended model 0.7758 0.671 0.6639 0.6639 
Test Basic Blended model 0.7756 0.6497 0.6646 0.6646 

Validation Basic Blended model 0.7511 0.67 0.6429 0.6429 
Train All RF 0.812 0.6926 0.6933 0.6933 
Test All RF 0.81 0.691 0.697 0.697 

Validation All RF 0.78 0.699 0.69 0.69 

3.1. Regression Module Results 

The results were obtained through the process of deciding the ML components of 
the developed framework under the availability of both the feature sets explained 
in Table 12. 

 
Table 11. Results from regression module (based on all features). 

Duration Ensemble type Model MAE (train) MAE (test) MAE (valid) 
Short Blend GBR + LGBM + BR 5.892 6.11 15.78 

Medium Blend RF + LGBM + GBR + XGBoost 14.815 15.63 31.42 
Long Stacked GBR + LGBM + RF 44.25 47.26 36.45 

 
Table 12. Feature set description. 

Feature group Description 

Basic features (FS1) 
Basic temporal and spatial information, vehicles, 

trucks, injuries 

Full features (FS2) 
AADT, hourly volume, road and environment 

factors, Responder information 

 
The basic feature set includes information collected from the site of the incident 

by the reporting policeman. This includes information about the time and loca-
tion of crash, type of crash, vehicle information, involvement of trucks in the in-
cident and the number of injured occupants and so on. 

This information can be used to make the first prediction. In the next phase, 
more information relating to the incident is obtained like the AADT, hourly vol-
ume, road and environmental factors related to the location of the incident from 
RAMS, and whether a responder arrived or not at the incident site. This additional 
information along with the basic features (full features) helps make a more refined 
prediction of the time required to clear the incident. 

3.2. Classification Module Results 

A gradient Boost classifier model exhibited the best performance. However, To 
improve the performance of the model, hyperparameter tuning was done using 3 
popular libraries-Scikit-learn, Scikit-Optimize, and Optuna. The algorithms run 
included Randomized Search CV, Bayesian optimization and Optuna is a newer 
open-source hyperparameter optimization framework based on TPE that is both 
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flexible and has a lightweight architecture helping define complex search spaces. 
Bayesian hypertuning improved the AUC to about 0.7742 and Random search 
produced an AUC of 0.7746 as shown in Figure 5(a). A Random Forest classifier 
was also tested, but the performance was worse than for the gradient Boost classi-
fier as shown in Figure 5(b). 

 

 
(a)                                               (b) 

Figure 5. Comparison of hyper-tuning performance for the best performing classifiers. (a) Gradient boost classifier (Basic 
feature set) (b) Random forest classifier. (All feature set) 

 
Blending and stacking were also tested on the top performing model and as 

evident in Figure 6(a) blending the top 5 models improved AUC to 0.7758 and 
accuracy to 0.6639, a slight improvement of 1.5% and 0.65% respectively com-
pared to the gradient boost classifier model. When more features are made 
available, the best-performing model is found to be the Random Forest model 
with an AUC of 0.812. Though hypertuning, blending and stacking were tested 
to improve performance of the Random Forest model, these models did not 
perform better than the base model as shown in Figure 6(b). The parameter 
ccp_alpha is set to zero implying no minimal cost-complexity pruning (a tech-
nique that helps prevent overfitting) is applied. Gini impurity is used as a meas-
ure of the impurity or uncertainty to evaluate the quality of the split at each 
node. The maximum depth has been set to None implying that nodes are ex-
panded until all leaves are pure or until all leaves contain less than min samples 
split samples. The maximum depth is set to “sqrt” implying that the square root 
of the number of features is considered to prevent over-fitting. The parameter 
max leaf nodes is set to None indicating an unlimited number of leaf nodes. 
The parameter min samples leaf or minimum number of samples required to 
be at a leaf node is set to 1 and min samples split or the minimum number of 
samples required to split an internal node is set to 2. The min weight fraction 
leaf set to 0 implies that any leaf node can contain samples with any weight 
including small weights.  

The AUC graphs illustrating the performance of the models can be found in 
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(a)                                               (b) 

Figure 6. Comparison of hyper-tuning performance for the best performing classifier across different feature sets with 
stacking and blending. (a) Comparison of AUC for gradient boost classifier; (b) Comparison of AUC for random forest 
classifier. 

 
Table 13. Configuration summary of the random forest classifier (All features). 

Parameter Value 
Bootstrap True 
Ccp alpha 0.0 
Criterion “gini” 

Max depth None 
Max features “sqrt” 

Max leaf nodes None 
Max samples None 

Min impurity decrease 0.0 
Min samples leaf 1 
Min samples split 2 

Min weight fraction leaf 0.0 
n estimators 100 

n jobs −1 
Oob score False 

Random state 4867 
Verbose 0 

Warm start False 

 
Figure 7 and illustrate the training performance of the models. The categories 0, 
1, 2 in the graph correspond to short, medium and long duration events. These 
models are trained, saved and used to predict on the validation dataset. The pre-
diction results are shown in Figure 8. It is evident from comparing the results in 
Table 10 that the classification accuracy of shortduration incidents improved by 
5% and medium duration events improved by 4% when additional features are 
available beyond the basic features. The 5 machine learning models that were 
blended to get a classificaton model for the basic feature set has been summarised 
in Table 10. The parameters of the random forest classification model used when 
additional feature are available is indicated in Table 13. 
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Figure 7. Comparison of AUC (basic feature set(left), all features (right) (validation dataset). 

 

 
Figure 8: Confusion matrices (basic feature set(left), all features(right) (validation dataset) with Short (S), Medium (M), 
and Long (L) classifications. Observed classifications are on the x-axis and predicted classifications are on the y-axis. 

 
From Table 11, it was found that for short and medium duration incidents, 

the RF model had the best performance, while a blend model consisting of the 
RF model and XGBoost performed the best in the case of long duration inci-
dents. The best MAEs reported on the test dataset were 5.66, 14.07, and 41.9 
minutes, respectively. When all the variables were considered, the MAE values 
improved to 5.76, 15.73, and 33.27 minutes, respectively. When the performance 
of the models on the validation dataset was evaluated, it was found that the MAE 
for the validation dataset was significantly higher than the MAE of the test da-
taset. This deviation from the expected values could be due to the large variance 
in the data. When additional features were available, an improvement in MAE 
values was observed for long duration incidents, as shown in Table 11. In addi-
tion to blending, hyperparameter tuning of the best model, as reported by the 
pycaret package, was also performed using the Optuna library. However, hyper-
tuning did not help improve the performance of the model in any of the cases 
considered. 
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Figure 9. Performance comparison for different models across short, medium, and long 
durations. 

3.3. Comparison between Blending and Stacking Approaches 

A comparison of performance between stacked and blended model can be seen in 
Table 14 when only basic feature like location, day and time, detection method 
variables are available. When 2 or 3 models are stacked they perform slightly bet-
ter than blending. However, as the number of base models are increase blending 
produces a better AUC with blending of 5 base models performing best. When 
more features are available it is evident from Table 15, even with 2 to 3 base mod-
els, stacking and blending produce highest AUC scores and increasing the number 
of base models most likely leads to overfitting. However, when more features are 
available, the Random Forest which by itself is an ensemble model is able to ex-
hibit optimal performance. 

 
Table 14. Results from classification module (based on basic features). 

Model Number of base models AUC (train dataset) 
Blended 2 0.7998 
Blended 3 0.8065 
Blended 4 0.8053 
Stacked 2 0.8039 
Stacked 3 0.8023 
Stacked 4 0.8025 
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Table 15. Results from classification module (Based on all features). 

Model Number of base models AUC (train dataset) 
Blended 2 0.8636 
Blended 3 0.8702 
Blended 4 0.8674 
Stacked 2 0.6983 
Stacked 3 0.7011 
Stacked 4 - 

 
As the number of base models were increased from 3 to 4, the time taken to 

train the stacked base models also increased. With 3 base models blending was 
able to achieve an AUC of 0.8065 while for stacking adding more base models 
deproved the performance. The best stacking performance was achieved with 
stacking the top two models with an AUC of 0.8039. 

A comparison of performance between stacked and blended model when all the 
features are considered together can be seen in Table 15. From the results it may 
be seen that the stacked model performs worse than the blended model. While the 
blended model achieved an AUC of 0.87 with 3 base models, the stacked model 
could only achieve an AUC of 0.7011. The amount of time required for training 
the stacked model is also exponentially greater than the blended model. The 
stacked model is unable to predict on the test dataset producing an AUC value of 
0. 

4. Discussion 

In this section, the results of the classification and regression models that were 
developed and tested in the previous section are discussed. The motivation for 
choosing certain models or combinations of models over others is also explained. 

A variety of models were tested for the classification module and ranked based 
on the highest AUC for both the basic and full feature sets. The highest AUC pro-
duced by ensemble models are 0.7756 and 0.81 on test dataset and 0.7511 and 0.78 
on validation dataset. The error propagated through the classification module is 
reflected in the MAE value of the regression module. When the framework is used 
to predict on the validation dataset the model has never seen, the MAE produced 
is nearly 10 minutes higher than the test dataset for short duration events lasting 
less than 30 minutes. Using a Tabnet classifier instead of an ensemble classifier 
helps to achieve MAE close to the value obtained fo test dataset. For medium du-
ration events the ensemble framework produces an MAE of 15.63 minutes for test 
dataset and 31.42 minutes for validation dataset. For the long duration dataset, we 
see that MAE is 47.26 minutes for test dataset and 36.45 minutes for the validation 
dataset. However Tabnet classifier does not do a good job of distinguishing me-
dium and long duration events in the validation dataset and therefore does not 
help improve MAE for medium and long duration events producing MAE of 
44.82 and 189.56 respectively. 
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Ultimately, the model that combines a random forest, an extra tree, and a light 
gradient boosting machine had the highest AUC and was selected for the classifi-
cation module. The classification module provides a good estimation of the inci-
dent duration even with basic features. For the regression module, more features 
are available and the best performing models were selected based on the lowest 
MAE. 

The combination of the classification and regression modules combine the best 
models for estimating the incident duration based on the pre-trained dataset. For 
validating the results against other models, the performance of the developed su-
pervised framework was compared to two additional frameworks that included an 
unsupervised clustering, Deep learning model and a Tabnet model. The mean ab-
solute error (MAE) was used as the evaluation metric for comparison. 

It was also observed that for short and medium-duration data, all three ap-
proaches produced similar MAE values. However, the pre-classification module 
improved the results of long-duration events more than the other two categories. 

The performance of the models in the classification and regression modules was 
evaluated using the area under the curve (AUC) and mean absolute error (MAE), 
respectively. The highest AUC achieved was 86% when additional variables, such 
as road characteristics and responder information, were included. In terms of 
MAE, the lowest values achieved were 5.66 minutes for short-duration events, 
14.07 minutes for medium-duration events, and an average of 41.9 minutes for 
long-duration events on the test dataset when using only basic features. When 
additional features were available, the MAE increased to 5.76 and 15.73 for short 
and medium incidents, respectively, but decreased to 33.27 minutes for long-du-
ration incidents. 

To compare the results to those obtained in previous research and to under-
stand if the findings were consistent with those reported in the literature, the mean 
absolute percentage error (MAPE) values were also calculated for each of the 
models, as shown in Figure 10. The MAPE values achieved with the basic dataset 
were 99.16% for short duration, 24.45% for medium duration, and 18.34% for 
long duration. The inclusion of additional variables, such as road characteristics 
and highway helper information, resulted in improved MAPE values of 96.88% 
and 16.21% for short and long incidents, respectively. 

In a study involving the dynamic prediction of incident duration using an adap-
tive feature set, the MAPE values reported for short-duration events were 100.9% 
for incidents lasting 5 - 15 minutes and between 75% and 96% for incidents lasting 
16 - 35 minutes [14]. For medium-duration events lasting 36 - 200 minutes, a 
MAPE between 20% and 50% was reported. In comparison, the methods used in 
this paper achieved MAPE values in the range of 16% to 26% for events of a wide 
range of durations lasting from 30 minutes up to a day when all variables were 
considered, including variables that are likely not available at the initial stages of 
responding to incidents (included to ensure comparability with previous re-
search). The MAPE, MAE, and mean absolute relative error (MARE) results re-
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ported by other researchers working in this area have been provided in Table 16 
for comparison. 

 

 
Figure 10. Comparison of MAPE across different durations by authors. 

 
Table 16. Comparison of our results with existing studies. 

Reference Results 
Khattak et al. [44] MAPE 5 - 15 min: 329%, >120 min: 80% 
Valenti et al. [45] MAPE ANN: 44%, SVR: 36% 
Perera et al. [11] MAPE between 100% and 40% 
Qing et al. [28] KNN: 59.2%, CART: 57.1% Quantile Reg: 49.1% 
Tang et al. [29] MAPE: 34.8% 

Hamad et al. [30] MAE: 36.52 min 
Park et al. [13] MAE: 0.18 to 0.29 
Ma et al. [46] MARE: 16.44% (<15 min), 33.13% (>15 min) 

Ghosh et al. [31] 
MAPE: 100.9% (5 - 15 min), 75 - 96% (16 - 35 min), 20 

- 50% (>200 min), 61% and 27.58% (overall) 
Our performance (basic 

features), MAPE 
Short: 99.16% (<30min), Medium: 24.45% (30 - 120 min), 

Long: 18.34% (>120 min) 
Our performance (all 

features), MAPE 
Short: 96.88%, Medium: 26.4%, Long: 16.21% 

Our performance (basic 
features), MAE 

Short: 5.66 min, Medium: 14.07 min, Long: 41.9 min 

Our performance (all 
features), MAE 

Short: 5.76 min, Medium: 15.73 min, Long: 33.27 min 
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5. Conclusions and Recommendations 

In this research, an ML-based classification and regression framework was pro-
posed for incident duration prediction. The developed framework is capable of 
generating real-time predictions of incident duration based on the information 
provided to the response agency in the initial incident call. It additionally inte-
grates other factors including road type, surface type, AADT, hourly volume in-
formation, etc., that are not available directly from the incident report enhancing 
the accuracy of prediction of the incident duration. The predicted incident dura-
tion can be used to develop a simple priority-based ranking system that helps traf-
fic operators know which incidents to prioritize and what resources will likely be 
required. The incident duration information can also be combined with other in-
formation, such as the Level of Service (LOS) information, to generate additional 
actionable insights. 

The framework utilized in this research involved two modules: a classification 
module followed by a regression module. The classification module has two func-
tions: 1) immediately after an event has happened and is reported when only basic 
details like the location, date and time, and type of incident are available, this 
module provides a quick estimation of the incident duration using a supervised 
classification approach 2) when more details about the incident are available in-
cluding road and environment conditions and helper facilities and so on the clas-
sification model makes a more accurate prediction of whether the incident will be 
a short, medium or long duration incident. Once the event is classified, the regres-
sion module provides a more accurate prediction in minutes, as shown in Figure 
3. This can be very helpful for medium and long duration incidents to help deploy 
helper services faster or make traffic management decisions. 

The success of the incident duration prediction is strongly dependent on the 
performance of the machine learning models. Among the various ML models 
trained, tested, and validated, the Random Forest model exhibited high efficiency 
and consistent performance across all the case scenarios tested. The ensembling 
technique of blending models exhibiting the lowest MAE values further improved 
the predictions. 

Overall, the results indicate that the prediction of incident duration is more ac-
curate when there is a pre-classification module that helps determine the class of 
incident duration. Though an unsupervised classification of events is an option to 
consider, it is not performing consistently across the three classes. The authors 
feel that the predictions benefit from the presence of the supervised classification 
module. In the regression module, however, the Tobit model performs almost on 
par with other single and blended regression models, as discussed earlier. 

One of the challenges faced in developing and implementing the analytical 
framework was the skewness of the incident duration data. This was addressed by 
implementing a box-cox transformation on the target variable. The range of val-
ues of incident duration was large; therefore, applying a single model for the whole 
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dataset was not effective. This challenge was addressed by including a classifica-
tion module to assign incidents to 3 ranges, short (<30 minutes), medium (30 
minutes - 2 hours), and long (>2 hours). Categorical factors were hot encoded, 
and textual data (e.g., responder information) was extracted and converted to cat-
egorical variables for predictive model development. 

A limitation of this research is the use of data for a single state (Iowa). While 
the results are validated for Iowa, other states may have different training and TIM 
resources and plans—leading to the results obtained in this research potentially 
not being applicable to other locations. Thus, future research should apply the 
framework and methods used in this paper to additional datasets from other geo-
graphical areas. Additionally, future research could evaluate the temporal trans-
ferability and stability of prediction models developed using this framework and 
methods. 
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