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Figure 4. Designated CMV Routes in DC 

 

3.2 Crash and IRI Data Sources and Management 

Crash prediction models heavily rely on the data they are built upon, making the accuracy of these 
models contingent on the quality of available data. To ensure the development of a reliable model, 
this study utilized traffic crash data from the Traffic Accident Reporting and Analysis Systems 
Version 2.0 (TARAS2) database and pavement condition data maintained by the District 
Department of Transportation (DDOT) in DC. These data sources are described below.  

N 
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3.2.1 Crash Database (TARAS)  

The District of Columbia Metropolitan Police Department (DCMPD) electronically records 
traffic crash information at crash scenes using the Police Department Form number 10 crash 
reporting form. Subsequently, this crash data is transferred from the DCMPD to the DDOT's 
database through dedicated servers. In TARAS2, an Oracle-based application, the data is 
processed and made available for analysis. TARAS2 contains various data fields that can be broadly 
categorized into vehicle characteristics, environmental conditions, roadway characteristics, and 
traffic exposure characteristics, as well as crash location, date, time, crash type, crash severity, and 
information on the individuals involved in the crashes. For the purposes of this research, data was 
collected for CMV crashes that occurred on designated CMV routes from the years 2016 to 2020. 
Crash data were obtained in the form of GIS shapefiles.29  

3.2.2 Pavement Condition Data 

Recent IRI data for the years 2016, 2017, 2019, and 2021 were obtained from the DDOT for this 
study. The DDOT collects pavement condition data using state-of-the-art imaging technology on 
more than 4,300 lane miles of pavement surface annually on most parts of the roadway network. 
It should be noted, however, that data was not collected for the year 2018. IRI data were obtained 
in the form of GIS shapefiles. 

3.2.3 Crash and IRI Data Management 

To efficiently manage the data integration and analysis, the research team employed QGIS, an 
open-source geographic information system known for its powerful geospatial capabilities. The 
system is capable of handling various types of geographical data and performing spatial analysis. 
The crash data consist of point data while the pavement condition data consist of segment data. 
These two datasets were matched and aligned. Thus, the crash points/locations were superimposed 
on their corresponding mile sections of pavement condition data. The output of this process file is 
a comma-delimited file containing crash data merged with IRI data.  

3.2.4 Data Processing 

The data obtained from QGIS were further processed by identifying and removing duplicate and 
incomplete crash records as well as irrelevant data fields. It should be noted that the dataset 
contained CMV crashes on interstate and non-interstate CVM designated routes. There were two 
datasets that were obtained from the data processing. The first data set contains all crashes on both 
interstate and non-interstate CVM designated routes, while the second dataset contains crashes 
on interstate routes only. Literature has shown that the standard speed at which IRI data are most 

 
27 “Traffic Data,” Metropolitan Police, Washington, DC (n.d.), 
https://mpdc.dc.gov/page/traffic-data. 
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accurate is about 50 mph. This is because the IRI is sensitive to the same profile wavelengths that 
cause vehicle vibrations in normal highway conditions.30 Additionally, visual inspection of the data 
revealed several inconsistencies between PCI data and IRI data at low speeds (< 50 mph), 
corroborating the literature. Because of this, while the first dataset was used to understand the 
overall characteristics of CMV crashes, only the second dataset was used in model development, 
as explained in the following sections.  

3.3 Descriptive Statistics 

To understand the key characteristics of the dataset, descriptive statistics such as the mean, median, 
and frequency of the variables were computed and are included in the results of analysis. These 
statistics assist in interpreting the data before further analysis is conducted. Descriptive statistics 
were computed for all crashes and separately for CMV crashes that occurred on DC interstate 
routes only.  

3.4 Spatial Analysis 

The spatial distribution and density of crashes were analyzed using the ArcGIS Pro software 
program. ArcGIS Pro is a geographic information system tool used for creating maps with 
geographical data and for analyzing mapped information. The coordinates of each crash location 
are provided in the dataset. These coordinates, together with existing base maps/layers, were used 
to perform a spatial analysis, including a spatial distribution analysis of crashes based on injury 
severity and a kernel density analysis for injury crashes. 

3.5 Binary Logistic Regression 

Binary logistic regression is a statistical method employed to explore the relationship between a 
binary dependent variable and one or multiple independent variables. In the context of this study, 
the dependent variable is the occurrence or otherwise of an injury within CMV crashes, while the 
independent variables include multiple factors, which are described in the following subsection. 
Through the logistic regression model, distinct coefficient estimates are generated for each 
independent variable, indicating the strength and direction of the correlation between the predictor 
(independent variable) and the probability of injury (dependent variable). As explained in 
Subsection 3.2.4, only crashes that occurred on interstate routes were used for this statistical 
analysis. 

 
28 Michael W. Sayers, Thomas D. Gillespie, and Cesar A. V. Queiroz, The International Road 
Roughness Experiment: Establishing Correlation and a Calibration Standard for Measurements 
(University of Michigan, Ann Arbor: Transportation Research Institute, 1986).   
 



 

M I N E T A  T R A N S P O R T A T I O N  I N S T I T U T E  20 

3.5.1 Description of Variables 

The variables used to develop the models were chosen based on which predictors are identified as 
significant in previous literature. The crash severity (Injury/No Injury) following a CMV crash is 
the dependent variable, and the independent variables used in the study include the following: 

Month: The crash database contains records of CMV crashes occurring in every month for 
the 5-year period (2016–2020). The results have detailed the monthly crash frequencies. 

Period of the Day: For the purposes of the analysis, the time of reported crashes was 
categorized into five periods: AM Peak (6 AM–10 AM), Off Peak (10 AM–3 PM), 
PM Peak (3 PM–7 PM), Night (7 PM–12 AM), and Dawn (12 AM–6 AM).  

Day of the Week: This variable contains the day of the week on which a CMV crash 
occurred.  

Lighting Type: The status of the streetlights for every CMV crash record was categorized 
into four categories: on, off, other, and unknown. 

Lighting Condition: This variable describes the lighting conditions at the time of the CMV 
crash. These conditions are Daylight, Dark-Lighted, Dark-Not Lighted, Dawn, Dusk, 
Other, and Unknown. 

Road Condition: This variable describes the pavement condition at the time of the CMV 
crash. For the purposes of the study, two main pavement condition categories were 
identified: wet and dry conditions.  

Speed Limit: The CMV crash dataset contains the speed limit of the road at the crash 
location. These speed limits were segmented into three categories: low (≤ 25 mph), 
medium (25–55 mph), and high (> 55 mph). 

International Roughness Index (IRI): This is a numerical measure of the roughness of the 
road as measured with an instrumented vehicle.  

International Roughness Index (IRI) Category: This variable is a grouping of the PCI values 
into three categories, namely, rough, marginal, and smooth.  

Pavement Condition Index (PCI): This is a numerical index value ranging between 
0 and 100 indicating the general condition of the roadway pavement section on which the 
CMV crash occurred.  

Pavement Condition Index (PCI) Category: This variable is a grouping of the PCI values 
into five categories, namely, poor, fair, satisfactory, good, and excellent. 
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3.5.2 Model Evaluation for Binomial Regression Analysis 

The goodness-of-fit was used to assess the model’s predictive performance. Specifically, the 
Deviance and Pearson chi-square tests and the Hosmer-Lemeshow goodness-of-fit test were used 
to evaluate the regression model. 

Deviance and Pearson chi-square tests: 

The frequencies of the observed values and the predicted values were compared to determine the 
overall fit of the regression model. The deviance chi-square test measures the goodness-of-fit based 
on the difference between the observed and expected frequencies, while the Pearson chi-square 
test measures the goodness-of-fit based on the difference between the observed and expected 
frequencies divided by the expected frequencies. 

Hosmer-Lemeshow goodness-of-fit test: 

The goodness-of-fit indicates how well the data fits the model. In this test, the data sample is 
divided into multiple groups based on their predicted probabilities, after which the observed and 
expected frequencies are compared in each group. The chi-square obtained is evaluated to 
determine if the logistic regression model has a good fit. A large chi-square value indicates a poor 
fit while a small chi-square value indicates a good fit. 

3.6 Artificial Neural Network 

The concept of an Artificial Neural Network (ANN) is fundamental in machine learning. ANNs 
are inspired by the structure and function of biological neural networks in the human brain and 
are widely used for various machine learning tasks, including classification, regression, pattern 
recognition, and more. They consist of interconnected nodes, often referred to as neurons or units, 
organized into layers. Each neuron processes and transmits information to other neurons based on 
a set of learned weights and biases. The method by which the weights and bias levels of a network 
are updated is determined by the learning rule used, which in this study is the multilayer 
perceptron (MLP). The MLP basically consists of three layers: the input layer, the hidden layer, 
and the output layer. It is a feedforward learning rule in which information flows from the input 
layer through the hidden layer to the output layer to produce the outcome or results. The following 
steps provide a detailed description of how models for classifying CMV crash injury severity were 
developed using an ANN. 
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Step 1: Selection of Neural Network Architecture  

For the first step of the neural network training, a MLP feedforward ANN was set up with at least 
an input layer, a hidden layer, and an output layer. Each layer comprises interconnected nodes or 
neurons, and the hidden and output layer neurons possess nonlinear activation functions. The 
architecture also includes varying numbers of hidden layers and neurons, which were adjusted until 
the configuration which yielded the optimal results was obtained. Figure 5 is a depiction of the 
MLP ANN architecture used in developing the models. 

Figure 5. Multilayer Perceptron Artificial Neural Network Model  

 

Step 2: Training of Neural Network 

To train the neural network using backward propagation, the following sequence of sub-steps was 
followed. 
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Step 2a: Input of Training Dataset into the Network – The training dataset was imported into 
the network to begin training. The vector of independent variables was fed into each input 
neuron, which was then connected to the neurons of the first hidden layer. Note that, as 
explained in Subsection 3.2.4, only crashes that occurred on interstate routes were used for 
model development. The training process was initiated by randomly selecting weights for 
all interconnections between the neurons of the input and hidden layers. 

Step 2b: Forward Computation – After initializing the weights, forward propagation is 
executed by multiplying the weights by the input neuron values, and the resulting sum 
products are saved in the corresponding hidden layer neurons. The weighted sums are then 
passed through an activation function and, based on the output of the function, the 
activation of hidden neuron.  

Step 2c: Computation of Error – The error of the j-th neuron of the n-th iteration is then 
computed as the difference between the target and the observed output.  

Step 2d: Backward Computation – The weights in the network are adjusted based on a local 
gradient, which is a function of the error computed in step 2c. 

Step 2e: Iteration – The procedures in steps b, c, and d are repeated for batches of 
three observations per iteration until the stopping criterion of 100 epochs is met. 

The training process is presented in Figure 6. 

Figure 6. ANN Training Processxxii 
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where, 

𝑉!" is the weighted sum in j-th neuron of the l-th hidden layer,  

𝑤!#" 	is the weight coefficient of the j-th neuron of the l-th layer that is fed from the i-th 
neuron in layer l-1,  

𝑥#
("%&) is the output of the i-th neuron in the previous layer l-1,  

𝑦!" 	is the output of the of the j-th neuron in layer l-1,  

Ф( is the activation function which is a rectilinear unit function in the hidden layers and a 
sigmoid function in the output layer. Thus, k=1 in the hidden layer and k=2 in the output 
layer, and 

𝑂) is the output of the n-th iteration. 

The ANN training procedure is illustrated in Figure 7. 
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Figure 7. ANN Training Process 

 

Step 3: Testing and Evaluation of Model 

Once the network is trained for the designated number of epochs (100), the model is evaluated 
using the test dataset. To assess the accuracy of the model, a confusion matrix (CM) was used. A 
CM contains details on the actual and predicted classifications made by a classification system (in 
this case, the ANN model). In the CM, each row denotes the instances of an actual class, while 
each column denotes the instances of a predicted class. Table 1 illustrates the CM for a two-class 
classifier.  
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Table 1. Confusion Matrix (CM) 

Total No. of Observations 
Predicted 

Negative Positive 

Actual 

Negative 
True Negative (TN): 

Instances that are negative and 
correctly classified as negative 

False Positive (FP): 
Instances that are negative 
and wrongly classified as 

positive 

Positive 
False Negative (FP): 

Instances that are positive and 
wrongly classified as negative 

True Positive (TP): 
Instances that are positive 
and correctly classified as 

positive 

 

Based on the CM, the measures shown in Table 2 were computed to evaluate the models 
developed. Following the evaluation, the number of hidden layers and neurons in the network 
architecture is modified based on the model’s performance, and the training process is repeated. 
This iterative process is repeated until the best-performing model is achieved based on the choice 
of parameters such as learning rate, number of neurons/layers, and data quality/quantity. 

Table 2. Measures for Evaluation 

Measure Description Computation 

Accuracy (AC) The accuracy is the proportion of the total 
number of predictions that were correctly 
classified. 

𝑇𝑁 + 𝑇𝑃
𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁 + 𝑇𝑃

 

Error Rate (ER) The error rate is the rate at which predictions 
were misclassified. 

1 – 𝐴𝐶 

Precision (P) This is the proportion of the predicted positive 
cases that were correct. 

𝑇𝑃
𝐹𝑃 + 𝑇𝑃

 

Sensitivity (S) This is the proportion of positive cases that were 
correctly identified. 

𝑇𝑃
𝐹𝑁 + 𝑇𝑃

 

F-measure (F) This is a measure of the accuracy of the test model 
computed using Sensitivity and Precision. The 
value of F ranges from 0 to 1, where 1 shows an 
excellent model and 0 show a bad model. 

2	
𝑆. 𝑃
𝑆 + 𝑃
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3.6.1 Analysis Software 

The ANN algorithm was implemented using Python, a high-level general-purpose programming 
language. The Anaconda Python distribution, which is an open-source distribution with standard 
libraries for data processing, analysis, and machine learning, was used. Anaconda also offers several 
Integrated Development Environments (IDE), including Jupyter, Notebook, and Spyder. In this 
study, the Spyder IDE (a powerful Python IDE with advanced editing, interactive testing, 
debugging, and introspection capabilities) was utilized. To simplify data preprocessing, the study 
imported the following libraries: 

NumPy: A package for array processing that can efficiently manipulate large 
multi-dimensional arrays of data. 

Pandas: An open-source library designed for high-level data manipulation. 

Furthermore, the study imported the following libraries to develop models: 

TensorFlow: A system developed by Google Brain that accelerates numerical computations 
and machine learning. 

Keras: A high-level application program interface for neural networks that operates on the 
backend of TensorFlow. It also assists with the development of ANN models. 

In addition to Spyder IDE, IBM Statistical Software for Social Scientists (SPSS) was used for 
binomial regression analysis. 
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4. Results 

4.1 Summary Statistics 

This section presents an overview of the CMV crash trends in the designated CMV routes in the 
District of Columbia for the years 2016 through 2020 and includes a summary of comparative 
crash statistics.  

4.1.1 CMV Crash Statistics 

A summary of the CMV crashes reported in DC on CMV routes from 2016 through 2020 is 
presented in Table 3. Figure 8 represents the collision severity distribution of the CMV crashes. 
It should be noted that these crashes represent only the CMV crashes occurring on designated 
CMV routes and not the entire DC road network. 

Table 3. DC CMV Crashes Quick Facts for 2016–2020 

Year 2016 2017 2018 2019 2020 
Total Collisions 936 887 609 735 437 
Fatal Collisions 0 1 0 0 0 
Injury Collisions 243 156 58 139 86 

Property Damage Only (PDO) Collisions 693 730 551 596 351 
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Figure 8. Crash Severity Types for 2016 through 2020 

 
  

There was a noticeable decline of approximately 40% in the total CMV collisions in 2020 
compared to 2019 that occurred specifically on CMV routes, as presented in Table 3. However, 
the documented injury count to collision ratio in 2020 was higher than that of 2019. The most 
frequent CMV crash severity type documented in 2020 was PDO, which constitutes nearly 
80% (351) of all crashes for that year.  

4.1.2 Total Crashes from 2016 through 2020 

The trend of all CMV crashes that occurred in DC on CMV routes and corresponding injuries by 
year from 2016 through 2020 is presented in Figure 9. The figure shows that there was a reduction 
in injury counts by approximately 38% from 2019 to 2020. Figure 10 presents the overview of 
injured persons recorded by year from 2016 through 2020.  
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Figure 9. Traffic Crashes and Injury Crashes from 2016 through 2020 

 
 

Figure 10. Non-Fatal Collisions from 2016 through 2020 

  



 

M I N E T A  T R A N S P O R T A T I O N  I N S T I T U T E  31 

From Figure 10, it can be observed that in 2020, the number of injured people decreased by almost 
27% compared to 2019. 

4.2 CMV Crash Descriptive 

This section presents the descriptive statistics for CMV crashes reported in DC on CMV routes 
from 2016 to 2020. The analyzed characteristics included crash occurrence time, crash type, 
roadway user and vehicle contributing factors, road conditions, and geometric characteristics. 
These characteristics were present for all the CMV crash data points as reported by police officers 
present at the scene of each crash. It is important to note that these crashes do not represent all 
the CMV crashes that occurred in DC between 2016 through 2020, but only those that happened 
on designated CMV routes. 

Table 4 presents the frequency distribution of CMV crashes that occurred from 2016–2020 in DC 
on CMV routes categorized by hour. From the table, a notable number of crashes occurred 
between 9 AM–10 AM (365 collisions), with the highest number of reported injuries (122) taking 
place between 11 AM–12 PM. The only CMV-related fatality in the same duration was recorded 
for hour 23 (11 PM–12 AM). The yearly frequency of CMV collisions and the associated injuries 
by the hour of the day from 2016 to 2020 is presented in Figures 11 through 15. 
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Table 4. All Crashes by Hour of the Day in 2016–2020 

Hour Collisions Fatalities Injuries 
00 32 0 12 
01 29 0 18 
02 21 0 13 
03 23 0 8 
04 28 0 16 
05 49 0 14 
06 115 0 45 
07 221 0 81 
08 326 0 86 
09 365 0 73 
10 324 0 116 
11 300 0 122 
12 298 0 86 
13 275 0 107 
14 264 0 75 
15 213 0 70 
16 194 0 56 
17 162 0 41 
18 114 0 36 
19 80 0 23 
20 63 0 25 
21 50 0 6 
22 31 0 7 
23 27 1 3 

Total 3,604 1 1,139 
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Figure 11. Total Collisions and Injuries by Hour in 2016 

 

Figure 12. Total Collisions and Injuries by Hour in 2017 
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Figure 13. Total Collisions and Injuries by Hour in 2018 

 

Figure 14. Total Collisions and Injuries by Hour in 2019  
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Figure 15. Total Collisions and Injuries by Hour in 2020 

 

4.3 CMV Crashes and Injuries by Day of the Week 

Table 5 presents the distribution of CMV crash occurrences on DC CMV routes from 2016–
2020, categorized by day. From the table, Sundays had the lowest frequency of both CMV 
collisions and associated injuries over the 5-year duration. On the other hand, Wednesdays had 
the highest CMV-related collision counts (693), while most injuries occurred on Tuesdays (242). 
Figures 16 through 20 present the yearly trends of CMV collisions and corresponding injuries by 
day from 2016 to 2020. A five-year CMV collision frequency summary is presented in Figure 21.  

Table 5. Crashes by Day of the Week for 2016–2020 

Day Collisions Fatalities Injuries 
Sunday 86 0 23 
Monday 586 0 191 
Tuesday 673 1 242 
Wednesday 693 0 201 
Thursday 645 0 196 
Friday 656 0 204 
Saturday 265 0 82 

Total 3,604 1 1,139 
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Figure 16. Total Collisions and Injuries by Day in 2016 
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Figure 17. Total Collisions and Injuries by Day in 2017 

  

Figure 18. Total Collisions and Injuries by Day in 2018 
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Figure 19. Total Collisions and Injuries by Day in 2019  

 

Figure 20. Total Collisions and Injuries by Day in 2020  
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Figure 21. Total Collisions and Injuries by Day 2016–2020  

 

4.4 CMV Crashes and Injuries by Month of the Year 

Table 6 presents the frequency of the 2016–2020 DC CMV crashes by month. From the table, it 
can be observed that May 2017 had the highest number of CMV collisions on the designated 
CMV routes (102), whereas the highest number of CMV-related injuries took place in 
October 2019. Figure 22 presents a 5-year compilation of all the monthly CMV crashes and the 
related injuries. 
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Table 6. CMV Crashes by Month for 2016–2020 

Year 2016 2017 2018 2019 2020 

Month Collisions Injuries Collisions Injuries Collisions Injuries Collisions Injuries Collisions Injuries 

January 77 20 75 35 48 11 65 17 53 7 

February 64 18 70 16 54 9 49 15 40 20 

March 64 31 90 28 63 4 52 24 34 15 

April 75 63 69 3 49 19 78 11 21 5 

May 70 28 102 25 48 0 62 23 33 18 

June 93 40 83 18 47 0 51 11 30 5 

July 98 58 93 28 43 3 62 19 38 20 

August 87 34 82 26 56 7 69 26 38 4 

September 69 40 82 25 65 14 64 25 32 7 

October 97 48 42 15 72 20 83 26 38 20 

November 66 14 69 33 39 14 50 11 40 13 

December 76 21 30 4 25 1 50 15 40 9 

Total 936 415 887 256 609 102 735 223 437 143 

 
Figure 22. Total Collisions and Injuries by Month 2016–2020 
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4.5 CMV Crashes and Injuries by Quadrant 

Table 7 presents the number of collisions and injuries that occurred in the CMV routes in all 
four DC quadrants. From the table, the Northwest quadrant had the highest number of 
collisions (49%) as well as injuries (39%), while the Southwest quadrant had the lowest number of 
collisions and injuries (7% and 13%, respectively). Figures 23 and 24 present the yearly CMV 
crashes and the total number of injuries caused by CMV collisions that occurred in all 
DC quadrants.  

Table 7. CMV Crashes by Quadrant for 2016–2020 

Quadrant Collisions Collision 
Percentage 

Fatalities Injuries Injury 
Percentage 

NW 1,767 49% 0 444 39% 
NE 1,095 30% 1 339 30% 
SW 261 7% 0 152 13% 
SE 481 13% 0 204 18% 

Total 3,604 100% 1 1,139 100% 
 

Figure 23. Total Collisions by Quadrant 2016–2020 
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Figure 24. Total Injuries by Quadrant 2016–2020 

 

4.6 CMV Crashes and Injuries by Road Type 

Table 8 presents the frequency distribution of all CMV collisions that occurred in the two types 
of roadways (interstate and non-interstate) from 2016–2020. Only 4.08% of the collisions occurred 
on the interstates. The injuries associated with these CMV crashes on different road types are 
presented in Figure 25. It must be noted that the District of Columbia has only about 16 miles of 
roadways classified as interstate or freeway. 

Table 8. CMV Crashes by Road Type 2016–2020 

Road Type Collisions Percentage 

Interstate 147 4.07 

Non-Interstate 3,457 95.93 

Total 3,604 100.00 
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Figure 25. Total Collisions and Injuries by Hour 2016–2020 

 

4.7 CMV Crash Occurrence Type 

Table 9 and Figures 26 and 27 provide the summary of the cumulative CMV crash count, 
categorized by crash type from 2016 through 2020. The tally of associated injuries, as well as the 
PDO CMV crashes, are included in the table. It can be observed that sideswipe crashes in the 
same direction were the prevailing type of CMV collision (1,769), overall accounting for 49% of 
all CMV crashes. Additionally, the same crash type resulted in the highest number of PDO 
crashes (1,516) within the five-year duration. Rear to rear crashes were the least frequent type of 
CMV collisions (37), and they led to the fewest injuries (10). Most injuries resulted from 
front-to-rear collisions resulting in 438 injuries in 2016–2020. A front-to-rear crash was also 
responsible for the one fatality that occurred during the study’s time span.  
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Table 9. CMV Crash Occurrence Types 2016–2020 

Type of Crash Total Crashes Fatal Crashes Injuries PDO Crashes 

Angle 256 0 108 200 
Front to Front 126 0 54 96 
Front to Rear 740 1 438 514 
Other 212 0 71 169 
Rear to Front 181 0 37 154 
Rear to Rear 37 0 10 28 
Rear to Side 85 0 17 67 
Sideswipe, Opposite 
Direction 

107 0 26 89 

Sideswipe, Same Direction 1,769 0 361 1,516 

Unknown 91 0 17 80 
Total 3,604 1 1,139 2,913 
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Figure 26. Types of CMV Collisions 2016–2020 
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Figure 27. CMV Crash Type Frequency, Injuries, and PDO Collisions 2016–2020 
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4.8 CMV Crashes by Vehicle Classification 

The frequency of the different types of CMVs that were involved in the CMV collisions from 
2016–2020 is presented in Table 10. Figures 28 and 29 display the percentages of the involved 
CMVs in collisions and associated injuries, respectively, in pie charts.  

Table 10. Summary of CMV Crashes by Vehicle Type 2016–2020 

Year 
 

Construction/ 
Industrial Equipment 

Large/ 
Heavy Truck 

Trailer Total 

2016 Collisions 6 882 48 936 
Fatalities 0 0 0 0 
Injuries 2 386 27 415 

2017 Collisions 9 834 44 887 
Fatalities 0 1 0 1 
Injuries 0 242 14 256 

2018 Collisions 6 572 31 609 
Fatalities 0 0 0 0 
Injuries 0 94 8 102 

2019 Collisions 7 683 45 735 
Fatalities 0 0 0 0 
Injuries 1 206 16 223 

2020 Collisions 3 409 25 437 
Fatalities 0 0 0 0 
Injuries 0 142 1 143 

Total 34 4,451 259 4,744 
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Figure 28. Collisions due to CMV Type 2016–2020 
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Figure 29. Injuries Resulting from Different CMV Types 2016–2020 

  

4.9 CMV Crash Contributing Factors 

A comprehensive overview of the contributing factors reported for CMV crashes in DC from 2016 
to 2020 is presented in Table 11 and Figure 30. Excluding the categories "None" and "Unknown;" 
the most prominently reported CMV crash-contributing factors during the five-year interval were 
"backup, due to regular congestion" and "workzone (construction/maintenance)." 
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Table 11. CMV Crash Contributing Factors 2016–2020 

Contributing 
Factors 2016 2017 2018 2019 2020 TOTAL 

Overall 
Percentage 

Backup, Due to 
Prior Crash 

3 3 3 1 0 10 0% 

Backup, Due to 
Prior Non-
Recurring 

7 6 1 1 0 15 0% 

Backup, Due to 
Regular Congestion 39 32 34 25 5 135 4% 

Debris 0 0 0 1 0 1 0% 
Non-Highway 
Work 2 4 0 2 0 8 0% 

Obstruction in 
Roadway 

8 3 1 2 2 16 0% 

Other 8 5 5 1 6 25 1% 
Road Surface 
Condition (wet, icy, 
snow) 

25 14 7 5 4 55 2% 

Rut, Holes, Bumps 1 3 0 0 0 4 0% 
Shoulders (low, 
soft, high) 

2 0 0 1 0 3 0% 

Traffic Control 
Device Inoperative 

1 0 0 0 0 1 0% 

Workzone 
(construction/maint
enance) 

33 17 12 15 14 91 3% 

Unknown 220 255 185 241 163 1,064 30% 
None 587 545 361 440 243 2,176 60% 

Total 936 887 609 735 437 3,604 100% 
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Figure 30. CMV Crash Contributing Factors 2016–2020 
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4.10 Binary Logistic Regression  

Of the 3,604 CMV crash data points that were recorded on DC CMV routes, the project team 
filtered the crashes that could be associated with the IRI and PCI dataset. A total of 2,390 data 
points were obtained. Since the project also involves assessing the quality of road surfaces as a 
factor for evaluation, the analysis focused exclusively on the IRI data. It should be noted that IRI 
values are obtained when the measuring-device-equipped vehicle operates at speeds greater than 
50 mph. As a result, only crashes that occurred on interstates were filtered for binomial logistic 
regression. There were 147 CMV crashes that occurred on DC CMV routes that were also 
interstates. The following subsections provide a description of those crash data points. 

4.10.1 CMV Crashes in DC Interstates by Month 

Table 12 presents the distribution of injury and non-injury CMV crash occurrences on interstates 
from 2016–2020, categorized by month. Figures 31 presents a bar graph of these CMV collisions. 
From the bar graph, it can be seen that most of the CMV crashes occurred in the months of 
March, April, and July, collectively constituting almost one-third of the total number of crashes. 
June had the lowest instances of CMV crashes in the five-year duration. 
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Table 12. CMV Interstate Crashes 2016–2020 by Month 

 Non-Injury Injury 

January 7 0 

February 8 4 

March 11 5 

April 10 6 

May 10 4 

June 3 2 

July 10 6 

August 11 2 

September 5 5 

October 10 4 

November 10 5 

December 4 5 

Total 99 48 

 
Figure 31. Interstate CMV Crashes 2016–2020 by Month 
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4.10.2 CMV Crashes in DC Interstates by Day of the Week 

Table 13 presents the distribution of injury and non-injury CMV crash occurrences on interstates 
from 2016–2020, categorized by day. From the table, it can be seen that Sundays had the lowest 
frequency of CMV collisions, and these resulted in the lowest non-injury (2) as well as injury (1) 
counts. On the other hand, Tuesdays had the highest CMV collision injury (11) and non-injury 
counts (23). Figures 32 presents a pie chart of these CMV collisions by day from 2016 to 2020.  

Table 13. CMV Interstate Crashes 2016–2020 by Day 

Row Labels Non-Injury Injury 

Sunday 2 1 

Monday 18 8 

Tuesday 23 11 

Wednesday 12 9 

Thursday 20 8 

Friday 17 10 

Saturday 7 1 

Total 99 48 

 
  


