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Abstract  
In this paper, a neural network model was developed to predict daily and weekly incidents in the Michigan 
Department of Transportation’s (MDOT) Metro Region. Weather information from the weather station at the 
Coleman A. Young Municipal Airport in Detroit was used as input data in the model. Meanwhile, the incident 
data provided by the Southeast Michigan Transportation Operations Center (SEMTOC) were used for model 
calibration and validation. Five years’ worth of weather and incident data from 2011 to 2016 were processed 
for model calibration. The model was applied to predict the daily and weekly number of incidents and high-
impact incidents for the period of September 2016 to December 2016. The prediction results show that the 
model is on average 65 to 75 percent accurate in predicting the number of incidents and can capture the 
trend of the incident occurrence over the weeks. Prediction errors between the predicted incidents and actual 
incidents are due to either the inaccuracy in the weather forecast information or other contributing factors that 
were not accounted for in the model. The errors could be minimized through more frequent updates of 
weather information or incorporate other effective input variables in the model. The model can be developed 
as an application tool for SEMTOC, and other first responder agencies, including Michigan State Police 
(MSP), local police departments, fire departments, and towing companies, for the purpose of staff and 
resource planning, and situational awareness.  
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Introduction 
The Michigan Department of Transportation’s (MDOT) Metro Region, also known as the Metro Detroit region, 
encompasses Wayne, Oakland, and Macomb counties, and includes the city of Detroit. It is the home to 
approximately 3.9 million people as of fiscal year (FY) 2016 (1). The Metro Region is also home to America’s 
“Big Three” automobile companies: General Motors, Ford, and Chrysler. Throughout 2016 in this region, 
approximately 8.3 billion vehicle miles were traveled, transporting people and goods, on state owned roads. 
When congestion occurs on these roadways, due to traffic volume or incident occurrence, the user delay cost 
comes in at approximately $285 million. In an effort to reduce or eliminate further increase to the user delay 
cost, the Southeast Michigan Transportation Operations Center (SEMTOC), in coordination with first 
responders including the Michigan State Police (MSP), local police departments, fire departments, and towing 
companies, has been active in continuously monitoring and managing incidents, especially high-impact 
incidents, on the region’s state-owned roadways. An incident is defined as any event that impacts or has the 
potential to impact traffic flow. Additionally, high-impact incidents refer to any incident that causes multiple 
lane closures and significant delay of traffic on highways. As of FY 2016, SEMTOC oversees approximately 
400 miles of freeway infrastructure, along with 117 dynamic message signs (DMS), 313 closed-circuit 
television (CCTV) cameras, and 394 microwave vehicle detectors (MVD) (2). These assets aided in the 
monitoring of more than 18,000 events throughout FY 2016. Managing all of these assets, infrastructure, and 
operations is a 24 hours per day workforce of control room operators, MSP, and Freeway Courtesy Patrol 
(FCP). These groups inform the traveling public of incidents or hazardous conditions, respond to incident 
scenes, and clear roadways of disabled vehicles.  
While years of experience have led SEMTOC and first responder agencies to identify typical daily staffing 
levels of each department, there are various events, such as professional sports, parades, and extreme 
weather events, during which the number of incidents throughout the Metro Detroit region tend to fluctuate. 
The issue then becomes the determination of how many employees may be needed in such cases and 
unexpected conditions. While staffing may be capable of last minute adjustments, it is often difficult to reach 
or bring in employees that were not originally scheduled. Therefore, it is best to be capable of identifying the 
need of additional staff as early as possible. In order to do so, it is helpful to predict the number of incidents 
that may occur throughout the region for the upcoming days and week. An early indication of the estimated 
number of incidents, especially high-impact incidents, would then be examined by each respective workforce 
to determine the impact of staffing and resource needs. Then, employee and resources would be properly 
planned in advance prior to any last minute changes or calls being required. This proactive staffing is of high 
importance to incident management, especially during severe weather events in Michigan, as only a few 
minutes of improvement in response time could save a life or reduce delay significantly.  

 
Incident prediction background 
A commonly used tool for quantitative estimates of incident frequency and severity is the Highway Safety 
Manual (HSM) from American Association of State Highway and Transportation Officials (AASHTO) (3). The 
methodology utilized in the HSM determines the average level of incident frequency and severity for a certain 
type of highway facilities, e.g. two-lane highways, urban arterials, etc., as a function of average traffic volume 
and roadway characteristics such as number of lanes, median type and intersection control. However, it does 
not account for the impacts of weather and other environmental factors, such as pavement conditions and 
flooding on highways, on incidents. Various studies have shown that bad weather conditions, such as rain, 
snow, fog, flooding and high wind, generally cause more incidents on highways (4, 5). As transportation 
management centers (TMC) in metro areas such as Detroit, Chicago, and New York are supporting weather-
responsive traffic management strategies, there is a need to develop real-time/short term incident prediction 
models that are sensitive to the changing conditions of the weather, traffic and roadways, and apply these 
models to daily traffic operations. 
Prediction models commonly used for crash prediction are generalized linear regression models (GLM), such 
as Poisson models, negative binomial models and zero inflated binomial models (6). These are parametric 
models that use a mathematical function to describe the relationship between crash rate and the contributing 
factors. These methods can be used to estimate the average crash rate of a traffic facility as mentioned in the 
HSM; however, the methods cannot provide temporal crash prediction information. Non-parametric models, 
including neural networks (7, 8, 9), Bayesian networks (10), and K-nearest neighbor (11), analyze the 
relationship between input and output variables based on a large dataset and use state variables to predict 
traffic parameters such as travel time, speed and number of incidents. Thus, these models are data-driven 
methods.  
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In this paper, neural network (NN) models were used for the predictive analysis of incidents mainly because of 
their ability to perform self-learning work with multi-dimensional data, deal with a non-linear problem through a 
flexible model structure and generate good prediction results.  NN models capture and represent complex 
input/output relationships by mimicking the human brain in performing a particular task or function of interest 
in two aspects (7, 8): 1) the development of associations between various contributing factors to determine 
the effect of a specific relationship on an overall prediction, and 2) the utilization of previous results to 
identifying similarities between the most recent prediction and the next.  
 
Data 
In this section, the data formatting and types of data for the predictive model developed are introduced. There 
are two timeframes of data that were important to consider for the development of the predictive model, 
historical and forecasted data. The historical data is used to train and test the developed model; meanwhile, 
the forecasted data is utilized to determine predictions once an adequate model has been developed. With 
the exception of the number of incidents to be predicted, all of the data used within the development of the 
model must be obtainable for both the historical and forecasted timeframes. If one t imeframe has a particular 
variable available but the other timeframe does not, the variable in question is not able to be used.   
An important aspect of the captured data is the ability to utilize the data with as minimal amount of alteration 
as possible and to potentially utilize the data for more than one predictive timeframe, i.e. sub-day level or shift 
based predictions. Therefore, it is more important to obtain the data based on an hourly format, such that the 
data may be capable of being aggregated into the prediction timeframe of one eight-hour work shift or one 
day, rather than averaged or divided throughout any given day. Additionally, for the predictive model to 
function properly, the historical and forecasted data must be similarly formatted. In other words, any historical 
data utilized within the prediction must also be capable of being obtained within the forecasted timeframe. The 
same is true for any forecasted datasets obtained.  
 

Weather  
Varying weather conditions have the potential to influence both vehicle and driver performance, thus altering 
the occurrence of incidents on the roadway. Approximately five years of historical weather-related data from 
January 2011 to August 2016 were obtained from Meteorological Terminal Air Reports (METAR) at the 
Coleman A. Young Municipal Airport in Detroit. This weather station is located within Detroit’s city limits to 
provide a base estimation of the Metro Detroit region’s weather. Forecasted weather reports were obtained 
from a meteorological website (www.intellicast.com), which provides daily and hourly weather predictions for 
up to 10 days beyond the current date. The variables utilized within the predictive model are present from 
both the METAR and website sources. 
In the dataset, the amount of precipitation is recorded or forecasted as the total accumulation within one hour, 
which would also be congruent with the intensity of the precipitation. The amount of precipitation during the 
prediction timeframe is simply the summation of the precipitation of the hours within the prediction duration. 
The type of precipitation is determined by the METAR and can be aggregated into three potential bins: no 
precipitation, rain, and snow. Additional consideration is also attributed to the percent chance of precipitation, 
as the inclusion of this variable correlates to the reliability of the forecasted weather conditions. Note that 
historical weather does not have a percent chance, since it has already occurred. Therefore, the number of 
hours in which precipitation occurred during the prediction timeframe was divided by number of hours during 
the timeframe to obtain a similar probability that precipitation had occurred. Other traffic-related variables in 
the weather dataset include visibility in miles, temperature, and wind speed, which are also recorded in hourly 
format in the dataset. After an initial statistical analysis of the data, four variables were considered in the 
model: accumulation amount of precipitation, percent chance of precipitation/probability of precipitation and 
average temperature. 
 
Date/time information and holidays  
The statistical analysis has shown a significant different in patterns in the incident occurrence between 
weekdays and weekend, during holidays and non-holidays, and between different work shifts, i.e. morning, 
afternoon and night shifts. Therefore, associated date/time information, e.g., shift of day, day of week, month 
of year, etc., of the weather and incident events in numerical format is kept as independent variables in the 
model.   
Federal holidays are marked as a coded nominal variable, e.g., “0”,”1”, “2”, etc., in the model to represent the 
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potential impacts of holiday traffic on the incident induction. The holidays involved in the model are: New 
Year’s Day, Martin Luther King Jr. Day, President's Day, Memorial Day, Independence Day, Labor Day, 
Veterans Day, Thanksgiving, the day after Thanksgiving, and Christmas. 
 
Incidents  
The historical occurrence of incidents for the same time frame as the weather data was utilized within the 
model development. As the predicted number of incidents is the sought-after outcome of this analysis, there is 
no forecasted data available. The incident data is recorded and kept in-house at SEMTOC. The data is 
organized through the exact time the incident was recorded and includes further descriptions of the incident 
occurrence; however, due to the focus of this analysis, only the occurrence of an incident is of importance. As 
the data is formatted based on the exact time of day, incidents were aggregated based on the hour of the day. 
For example, if three incidents occurred at 8:06 a.m., 8:24 a.m., and 8:53 a.m., the 8 a.m. hour would be 
described as having three incidents.  
 
Methodology 
Incident prediction results are determined based on the development and utilization of a neural network (NN) 
prediction model. The model uses historical information, combined with forecasted weather and holiday 
occurrence data, to create a prediction for the future timeframe. The model is trained and built based on 
historical data. Forecasted data, for weather and holiday occurrence, is then applied to the model, which 
returns the output of the predicted number of incidents and high-impact incidents. Performance measures are 
utilized to evaluate the accuracy of the model, after the actual number of incidents is known.  
 
Neural Network Modeling 
Various NN structures have been applied for short-term traffic prediction, including feedforward neural 
networks, modular neural networks, and spectral basis neural networks (7, 8, 12). In this paper, a multilayer 
feedforward NN model structure was chosen for the predictive model development. The input-output structure 
of a feedforward NN model is illustrated in Figure 1.There are a few key components to the creation of a 
multilayer feedforward NN model, including the input layer, hidden layers, the output layer, and model training 
algorithms. 
The input layer contains the NN model’s independent variables. Each variable of the input layer is 
represented by a neuron. In this model, the input variables are accumulated precipitation in inches, chance of 
precipitation in percent, temperature in Fahrenheit, and date information of the prediction, e.g. day of week, 
month of year, and holidays. The output layer outputs the results of the prediction. A neural network can have 
multiple neurons in an output layer, relating to various prediction variables. In this paper, the prediction 
variables are total number of incidents and number of high-impact incidents in the Metro Detroit region during 
the prediction interval of one day. Instead of using two output neurons, two separate neural networks, i.e. 
NN1 and NN 2 in Figure 1, with single neuron output layers were calibrated for each of the two prediction 
variables, using the same input variables.   
Hidden layers are sets of neurons located between the input and output layers. The outputs from hidden 
layers are not the final outcome of the NN model; they, however, provide the ability to either transform data or 
inject nonlinearity into the overall NN model. Hidden neurons enable the NN model to extract high-order 
statistics and address the non-linear relationship between inputs and outputs (12), which commonly exits in 
incident prediction. The basic and most commonly used NN models utilize only one hidden layer. As the 
number of hidden layers increases, the complexity of the model increases (12). In this paper, one hidden layer 
with 20 neurons was applied after comparing the results with different number of hidden neurons. 
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Figure 1 Input-output Structure for Feedforward NN Model 

Model training allows the NN model to “learn” based on the error resulting from the latest set of predictions.  
The back-propagation algorithm was used to train the neural network by minimizing the errors between the 
desired and actual outputs (12). Several minimization algorithms have been applied to speed up the 
convergence of the back-propagation algorithm, including the steepest-gradient, quasi-Newton, conjugate 
gradient, and the Levenberg-Marquardt (LM) algorithms. In this paper, the LM algorithm was used for the 
model due to its high computational efficiency (13). The proposed NN was developed and trained in the 
Matlab programming environment, where the LM algorithm is a built-in function.   
 
Measure of Effectiveness (MOE) 
The mean absolute error (MAE) and mean absolute percentage error (MAPE), as shown in Equation 1 and 
Equation 2, are used to evaluate the accuracy of the incident prediction models.  
 

𝑀𝐴𝐸 =
1

𝑛
∑ 𝑎𝑏𝑠(𝑜𝑖−𝑝𝑖)
𝑛
𝑖=1                                                                                                        (1) 

𝑀𝐴𝑃𝐸 =
1

𝑛
∑

𝑎𝑏𝑠(𝑜𝑖−𝑝𝑖)

𝑜𝑖

𝑛
𝑖=1                                                                                                            (2) 

Where n is the number of prediction intervals, e.g. hours, days, during the study period,  𝑜𝑖 is the observed 
number of incidents during the ith prediction interval, and 𝑝𝑖 is the predicted incident number of the ith 
prediction interval. 

Results and discussion 
After using the five-year historic data to calibrate the NN model, SEMTOC started to deploy the model to daily 
incident prediction in September 2016. Predictions were made on a weekly basis, typically on a Friday, 
covering the daily incidents and high impacts of the coming week. The predicted weekly incidents are simply 
the summation of the predicted daily incidents. A summary of the model prediction performance during the 
period of September 2016 to December 2016 is shown in Table 1. During this period, an average of 231 
incidents per week and 30 high impacts per week occurred within the Metro Region. In Table 1, the MAPE 
value of the prediction is 24.7 percent for the total incidents and 34.7 percent for the high impacts on a weekly 
basis. Meanwhile, the weekly MAE is 60 incidents and eight high impacts. This indicates that the NN model 
can predict the weekly number of incidents and high-impact incidents with 65 percent to 75 percent accuracy. 
Daily breakdowns of the predicted incidents and the corresponding MAPEs of the model can be found in 
Table 2. It can be observed that the daily incident frequency ranges from 27 to 39 incidents per day during this 
period, and Mondays have the maximum number of incidents. The MAPE on Mondays is around 38 percent, 
and the lowest MAPE of 20 percent occurs on Tuesdays, which corresponds to an 80 percent accuracy of 
prediction. 
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Table 1 Performance summary of the prediction 
 Incidents High Impacts 

Mean frequency of incidents 231 per week 30 per week 

MAE 63 per week 8 per week 

MAPE of weekly incidents 24.7% 34.7% 

Model accuracy (1-MAPE) 75.3% 65.3% 

 
Table 2 Daily breakdowns of predicted incidents  
 Average Incident Number MAPE Accuracy 

Monday 39 37.8% 62.2% 

Tuesday 33 20.2% 79.8% 

Wednesday 38 25.7% 74.3% 

Thursday 36 21.7% 78.3% 

Friday 36 31.7% 68.3% 

Saturday 33 30.6% 69.4% 

Sunday 27 31.8% 68.2% 

 
Figure 2 illustrates the predicted weekly number of incidents versus the actual weekly incident numbers  
during the study period of September 5, 2016, to December 25, 2016; meanwhile, Figure 3 compares the 
predicted weekly number of high-impact incidents to the actual number of high impacts in each week of the 
same period. It is found that the predicted weekly incidents are lower than the actual weekly incidents for 
most of the weeks. For high impacts, the model tends to overestimate the numbers. One reason for the errors 
between the predicted and actual incident numbers may be contributed to the inaccuracy in the weather 
forecast, as the prediction was made once a week on Friday of the previous week. By the time the incidents 
occurred, the weather condition may have changed significantly. This discrepancy can be fixed by running the 
model multiple times during the week with updated weather information.  The other explanation behind the 
prediction errors would be the factors other than weather and date/holidays, which may also contribute to the 
incident occurrence significantly. For example, during the week of September 26, 2016, there was area-wide 
flooding on state highways in the Metro Region due to a severe rain storm, which may have caused the 
extremely high number of high impacts in Figure 3.   
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Figure 2 Weekly Incident Prediction Results 

  
Figure 3 Weekly High-impact Incident Prediction Results 

 
Concluding remarks 
The preliminary results of the models show that NN is a promising model for the prediction of incidents in the 
Metro Detroit region. For future work, more potential factors are to be investigated using current or additional 
data sets. These extra factors include traffic volume, construction events, visibility and type of precipitation, 
i.e. rain and snow. It is hypothesized that involving more effective variables in the NN model would minimize 
the gap between the observed values and predicted values, and improve model accuracy.  
Currently, the predictive model is aimed at a 24-hour prediction resolution and the horizon of a week ahead. 
Down the road, the prediction model can be configured to predict incidents at the time-of-day level, which can 
either be matched up with the work shifts of first responders or an upcoming severe weather event. As the 
model is further developed, not only may temporal distribution of incidents be predicted, but also spatial 
distribution to specific areas or segments of state highway network. These improvements can facilitate the 
operator staffing at SEMTOC and other TOCs, as well as staff and resource planning for state police, local 
police departments, fire departments, and towing companies. As a result, the traveling public can benefit from 
quicker and more proactive responses of emergency agencies to incidents, and potential mitigation of incident 
impacts or secondary incidents 
Another on-going improvement is in regards to the data processing of the model. Currently, the input data of 
the model is downloaded and processed manually to fit the NN model data format in the program. A data 
processing program, e.g. in Visual Basic, can be developed to automate the data processing and be 
incorporated in the MATLAB program to streamline the whole prediction process. Eventually, the data 
processing and NN model program can be compiled into either a standalone or server-based application tool, 
which could be accessible to different stakeholders of traffic management and law enforcement, for the 
purpose of staffing, resource planning, and situational awareness. 
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