oONOOULL D WN B

An Attention-Based Multi-Context Convolutional Encoder-Decoder Neural Network for

Work Zone Traffic Impact Prediction

Qinhua Jiang*

Civil and Environmental Engineering Department

University of California, Los Angeles, Los Angeles, California, 90095
Email: ghjiang93@ucla.edu

Xishun Liao, Ph.D.

Civil and Environmental Engineering Department

University of California, Los Angeles, Los Angeles, California, 90095
Email: xishunliao@g.ucla.edu

Yaofa Gong

Civil and Environmental Engineering Department

University of California, Los Angeles, Los Angeles, California, 90095
Email: gongyaofa0211@g.ucla.edu

Jiaqi Ma, Ph.D.

Civil and Environmental Engineering Department

University of California, Los Angeles, Los Angeles, California, 90095
Email: jiagima@ucla.edu

*Corresponding Author: Qinhua Jiang

Word Count: 5858 + 3 table (250 words per table) =6608 words

Submitted [August 1%, 2024]



coNNO UL D WN K-

Jiang, Liao, Gong, and Ma

ABSTRACT

Work zone is one of the major causes of non-recurrent traffic congestion and road incidents. Despite the
significance of its impact, studies on predicting the traffic impact of work zones remain scarce. In this paper,
we propose a data integration pipeline that enhances the utilization of work zone and traffic data from
diversified platforms, and introduce a novel deep learning model to predict the traffic speed and incident
likelihood during planned work zone events. The proposed model transforms spatial-temporal traffic
patterns into 2D space-time images and employs an attention-based multi-context convolutional encoder-
decoder architecture to capture the spatial-temporal dependencies between work zone events and traffic
variations. Trained and validated on four years of archived work zone traffic data from Maryland, USA,
the model demonstrates superior performance over baseline models in predicting traffic speed, incident
likelihood, and inferred traffic attributes such as queue length and congestion timings (i.e., start time and
duration). Specifically, the proposed model outperforms the baseline models by reducing the prediction
error of traffic speed by 5% to 34%, queue length by 11% to 29%, congestion timing by 6% to 17%, and
increasing the accuracy of incident predictions by 5% to 7%. Consequently, this model offers substantial
promise for enhancing the planning and traffic management of work zones.

Keywords: Work Zone; Traffic impact prediction; Deep learning; Convolutional Neural Network;
Attention; Encoder-decoder
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1 INTRODUCTION

The rising load on road infrastructures driven by population growth has resulted in an increased
demand for road maintenance and reconstruction activities [1]. These work zone events often involve lane
closures that will lead to more traffic crashes and delays caused by reduced road capacity. Unlike the usual
congestion seen during peak traffic hours, work zone activities usually create non-recurring, unexpected
travel delays. According to the Federal Highway Administration [2], work zones account for nearly 24%
of non-recurring traffic congestion. Additionally, work zone events significantly endanger the safety of
both travelers and workers; for instance, in 2022, traffic accidents in work zones resulted in 891 fatalities
[2].

To address safety and mobility requirements during highway maintenance and construction, and to
align with the expectations of the travelers, it is important for traffic management and work zone planning
agencies to have an accurate estimation of how work zone events would impact the traffic. Modeling and
predicting work zone impacts can enhance agency’s decision-making as well as their overall understanding
of the factors affecting work zone decisions [3].

Research on predicting the impact of work zones on traffic is very limited. Over the past few
decades, related studies can be broadly divided into two categories: simulation or parametric-based
approaches, and non-parametric, data-driven approaches.

In the field of simulation-based studies, Ping and Zhu [4] estimated the changes in traffic capacity
under various work zones using CORSIM. Chatterjee et al. [5] considered drivers’ behavior into simulation
and developed a work zone traffic flow estimation model in VISSIM. Wen [6] developed a work zone
traffic simulation model dedicated for connected traffic conditions. These simulation-based models usually
only consider a few work zone factors and network configurations, thus are mostly unable to predict traffic
conditions under unseen work zones with complex spatial-temporal patterns.

As the availability of data expands, facilitated by development in sensors and data collection
techniques, the focus of research is increasingly turning towards data-driven methods, even though these
data are not yet fully integrated. On the data-driven side, Adeli and Jiang [7] created a neuro-fuzzy model
to estimate the traffic flow impacted by work zones. The results demonstrated the model’s superiority over
empirical approaches. Karim and Adeli [8] proposed an adaptive neural network model to predict the traffic
impact including capacity, queue length, and delay during work zones. Hou et al. [9] developed four
machine learning based work zone traffic prediction models: random forest, baseline predictor, regression
tree, and neural network. The models are evaluated on two selected roadway segments in St. Louis, MO,
USA. Also, Bae et al. [10] developed a multi-contextual machine learning method to model the traffic
impact of urban highway work zones. By adopting machine learning based approaches, these models can
handle more complex work zone conditions compared to the simulation-based models. However, the
performance is still constrained due to overly simplified model assumptions and model structures. These
models either provide only aggregated traffic indicator prediction or focus narrowly on a specific aspect of
traffic impact caused by work zone events.

Reviewing existing research highlights two major limitations in predicting the impact of work zone
traffic. 1) The quality and quantity of data sources are limited, as there is often no comprehensive pipeline
for integrating, curating, and augmenting work zone traffic data for enhanced data-driven methods; 2) The
data-driven methods currently used are overly simplified and not capable of handling the complex and
dynamic traffic variations associated with work zones. Consequently, there is a pressing need for a model
that can effectively capture the dependencies between spatial-temporal traffic patterns and work zone
characteristics, providing a holistic perspective on both mobility and safety impacts.

The Work Zone Data Exchange (WZDx) Feed Registry, maintained by the U.S. Department of
Transportation (USDOT), contains up-to-date metadata on work zone feeds that adhere to WZDx
specifications [11]. Launched in 2019 by the Federal Highway Administration (FHWA) and the Intelligent
Transportation Systems Joint Program Office (ITS JPO), this initiative seeks to enhance road safety and
mobility by standardizing work zone data and ensuring its broad accessibility in a consistent format [12].
In this study, we utilize WZDx datasets from the ITS DataHub combined with the University of Maryland
CATT Laboratory's Regional Integrated Transportation Information System (RITIS) data [12], providing
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insights into travel times and traffic speeds across Maryland’s transportation network. Additionally, we
integrate the Maryland Department of Transportation’s (MDOT) Annual Average Daily Traffic statistics
and loop detector data with incident data from RITIS and MDOT to create an enriched work zone dataset
for predictive model training.

Besides the integration of multi-context datasets, the selection of data-driven models is crucial for
estimating the traffic impact of work zones. Generally, traffic prediction models are categorized into short-
term and long-term traffic forecasts [20][21][22][29]. Both use a sequence-to-sequence or sequence-to-one
approach, where a sequence of past traffic readings from the previous N timesteps is used to predict the
traffic status for the following one or several timesteps, ranging from several minutes to multiple hours.
These methods depend on the most recent traffic data to forecast future traffic conditions. However, these
sequence-based models do not align with the objectives of our study. Our research aims to predict the traffic
conditions on road segments with planned work zones well in advance before their implementation (e.g.,
days or weeks ahead), meaning no real-time traffic data at the time of making the prediction. To the best of
the authors’ knowledge, none of the existing traffic prediction models are designed for such goals. Inspired
by image-based sequence-to-sequence traffic prediction methods [23][24][31], which transform city-level
space-time traffic states into 2D images for model inputs and outputs, this paper proposes a novel image-
to-image prediction method for work zone traffic forecast. This method converts the historical spatial-
temporal traffic patterns into multi-channel image inputs and conducts a joint representation with the
planned work zone features to deliver a comprehensive traffic prediction for the entire duration of the work
zones at once, which enables the estimation of the traffic impact with high time resolution for the planning
of work zones.

In summary, based on the curated dataset created by the data integration pipeline, we introduce an
attention-based multi-context convolutional encoder-decoder neural network, named AMCNN-ED, to
predict the impact of planned work zones, specifically focusing on mobility impact such as traffic speed,
queue length, congestion start time/duration, and safety impact such as incident likelihood. The
contributions of this paper are outlined as follows:

e Developed a data curation pipeline that integrates work zone event data with traffic and roadway
network datasets, creating an enhanced data source tailored for predicting the traffic impacts of
work zone events.

e Introduced an image-based modeling approach to estimate traffic impact caused by work zones
by converting historical space-time traffic patterns into 2D images as model inputs. Based on that,
we developed a novel attention-enhanced multi-context convolutional encoder-decoder neural
network structure to capture the spatial-temporal dependencies between work zone characteristics
and dynamic traffic patterns, enabling in-advance prediction of traffic impact (i.e., speed, queue
length, congestion start time/duration, and incident likelihood) for planned work zones well ahead
of time.

e Conducted a comprehensive evaluation of the proposed model using a real-world dataset from
Maryland’s transportation network, benchmarking it against baseline models to demonstrate its
superior performance.

The rest of this paper is structured as follows: Chapter 2 introduces the data curation pipeline
proposed in this study. Chapter 3 outlines the prediction models developed for this study. Chapter 4
introduces the experiment setup and benchmark models. In Chapter 5, the prediction results and analysis
are presented. Finally, Chapter 6 concludes the paper and offers insights into potential directions for future
research.

2 DATA INTEGRATION AND RECONSTRUCTION
2.1 Multi-Context Work Zone Data

To construct a comprehensive work zone dataset, this study follows the process depicted in Fig. 1,
which outlines the integration of diverse datasets. WZDx provides dynamic and detailed work zone data,
which allows for the extraction of precise work zone information, such as locations, timings, and specific
characteristics like lane counts and geometries, as well as potential vehicular impacts. Traffic data from
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1 RITIS delivers link-level information, enriching the dataset with metrics like travel time and traffic speed,
including historical and reference speeds. When combined with MDOT’s volume data and supplemented
3 by incident data, the dataset achieves a high level of granularity, covering individual work zones and their
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Fig 1. Multi-context data integration pipeline

wider impact on the transportation network.

By incorporating these diverse data streams, we can acquire valuable operational metrics at the
agranular level, encompassing individual work zones, their immediate surroundings, the impacted corridor,
and the broader regional road network. Furthermore, the robust data capabilities will also facilitate more
in-depth categorization based on different types of work zones and specific geographical regions. This
enhanced categorization will provide us with an understanding of the diverse impacts and dynamics across
10  various work zone scenarios and geographic contexts.
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Fig 2. Spatial distribution of work zone, detectors, and road segments in Maryland

transportation network

12 2.2 Data Integration and Space-Time Traffic Image Generation
13 The integration of these datasets employs a sophisticated spatial-temporal matching process. As
14  illustrated in Fig. 2, this map highlights the geospatial alignment of work zones, loop detectors, and road
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segments throughout the Maryland transportation network. Initially, matching is conducted using precise
GPS coordinates to ensure each work zone is accurately paired with its corresponding road segment.
Subsequently, traffic data of road segments and loop detectors relevant to the operational hours of each
work zone are extracted. This dual-layered matching strategy — first spatial, then temporal — ensures a
seamless amalgamation of location and time-specific traffic patterns.

To be specific, after cleaning and filtering, a total of 3646 work zones were identified from 2016
to 2019, excluding 2020 to 2022 due to the biased traffic patterns during the COVID-19 pandemic. The
study focuses on temporary work zones with durations of less than 24 hours. To capture pertinent data for
temporal work zone study and enable the development of an Al model, our approach is to compile data on
a case-by-case basis for each work zone. For every individual case, we systematically collect traffic data
encompassing the complete duration of the work zone event. In terms of spatial information, we include
data for road segments extending 5 miles upstream relative to each work zone. Based on this spatial
matching result, a feature of “distance to work zone” is calculated for each road segment; similarly, “time
to work zone start” and “time after work zone end” are calculated for each time step. To ensure a high level
of data fidelity, we maintain a time resolution of 15 minutes throughout the dataset.

As a result, for each work zone case, as shown in Fig. 3 (a), a 2D space-time matrix containing
spatial-temporal information is organized, with the highlighted area indicating affected traffic. This matrix
can be used to further represent other traffic features such as speed, historical average speed, and historical
average volume, as well as geospatial features like link length and distance to work zone link, all updated
in 15-minute intervals. These 2D space-time matrices are further converted to 2D heatmap images with
different colors indicating different levels of values for particular traffic features, as seen in Fig. 3 (b). This
systematic organization not only captures the real-time dynamics of work zones but also furnishes a
standardized dataset format from which Al models can learn the complex spatial-temporal dependencies of
traffic flow in relation to work zone activities, enhancing predictive capabilities.
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3 METHODOLOGY
3.1 Problem Definition

The methodology proposed by this paper tackles the problem of spatial-temporal traffic speed and
incident likelihood prediction on road segments of planned work zone events well in advance before their
implementation (e.g., days or weeks ahead). The definition of this predictive problem is presented as
follows:

For a planned work zone event scheduled to start at Ty and end at T, at location L of a roadway, we
define all the link segments on the same roadway within 5 miles upstream of L as target links. Assume that
for these target links, the historical average traffic sequences (e.g., traffic speed, volume) during the same
time of day and day of week corresponding to the planned work zone schedules are known. Additionally,
the geospatial correlations between the links (e.g., link length, link order) and the characteristics of the
planned work zone event (e.g., number of closed lanes, number of total lanes, etc.) are also known. The
model aims to predict two key outcomes: 1) a sequence of traffic speeds on all the target links throughout
the duration of the planned work zone; and 2) the likelihood of an incident occurring on the target links
during the work zone period. The spatial-temporal traffic speed output can further be used to infer other
traffic impact attributes such as maximum queue length, congestion start time, and congestion duration.

3.2 Model Structure

(1) Model Overview
As shown in Fig. 4, the model input encompasses two components, including a set of historical
traffic pattern and geospatial sequences which have been converted into a multi-channel 2D space-time
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image, and a tabular feature vector of work zone characteristics. The 2D space-time image consists of
multiple channels, each representing the historical traffic pattern and geospatial correlations of the link
segments within the 5-mile range upstream of the work zone. The input image, X;p,qge can be defined as:
Ximage € Rhxwxc — {I{1XW’I£lXW’ _"’Iglxw} €))
where h refers to the height of the image, or the number of links within the work zone 5 miles
range; w refers to the width of the image, or the number of timesteps of the work zone event; ¢ is the number
of channels of the input image, which is the number of features related to historical traffic pattern and
geospatial relationships. In this study, we selected historical average speed, historical average volume, link
length, and distance to work zone location as the four channels of the input image. The second input
component is the feature vector of planned work zone characteristics, denoted as
Xz € RV = {x),%,, ..., X5} (2)
where n denotes the number of features of the work zone. In this study, we consider the following
features: start time of day, day of week, work zone duration, number of lanes closed, number of total lanes,
road type, and on-ramp/off-ramp connection.
Y = {Yspeed' Yinci} (3)

The output of the model, as denoted in (3), includes a predicted 2D space-time traffic speed image
Yspeea € RMWX1 ¢4 indicate the speed of target links within 5 miles upstream of the anticipated work zone
at 15-minute intervals for the work zone duration, and a likelihood that indicates the probability of incident
occurrence during the projected work zone event. The goal of the work zone traffic impact prediction is to
learn a mapping function f: X — Y that can predict the traffic speed for each timestep on each upstream
link and the likelihood of incident occurrence during the work zone event.

To model the work zone impact prediction problem, the AMCNN-ED model constructs 3 modules:
encoder layers, attention layer, and decoder layers. The multi-context encoder extracts the spatiotemporal
features from historical space-time traffic data and static work zone features from planned work zone
tabular data. The extracted feature maps are combined and passed to the attention layer to weigh the
importance of each part in the concatenated feature representation. Then the attention-enhanced feature
vector is further sent to decoder layers with multiple transposed CNN layer and split in the output layer to
generate both the 2D speed image and incident likelihood.



OCooNOOTULLPAWN

[y
= O

12
13
14
15
16
17

Jiang, Liao, Gong, and Ma

’ Link Distance to'
Speed Volume Length work zone

'
1

'

1 L}
H — H
' I— I '
1 L}
H e

S mmsdmtanmanioaeencanye [NOHKIZONEIRIOPEItES

] Normalized Historical [
Traffic space-time

e Starttime e Lane Closure
e Time ofday e Road type
.
.

Input i Day of week® Number of
Images Duration lanes
Conv2D+Rel U+ Feature Embedding/
MaxPooling Normalization
) 4
Conv2D+ReLU+ fully %O”L”S“ed*
Encoder— MaxPooling e*
v Fully Connected+
Fully Connected RelU
\ 4 \Z
Concatenate

—

Attention Self-Attention
Layer
—~

Upsampling+DeConv2D+  Fully Connected+
RelLU RelLU
v v
Decoder Upsampling+DeConv2D+  Fully Connected+
RelLU RelLU
\ 4 v
Sigmoid Softmax
B v
Output Sl Incident likelihood
speed image
Inferred travel time, | Incident: Yes/No |

delay, queue length

Fig 4. Model structure of AMCNN-ED

(2) Encoder Layers

The encoder consists of two parallel modules designed to create a joint representation of historical
traffic information, geospatial features, and planned work zone characteristics. As shown in Fig. 4, the
image encoder module employs two convolutional neural network (CNN) layers to extract spatial-temporal
dependencies in the historical traffic patterns of upstream links during the work zone period. Each
convolutional layer comprises a 2-dimensional convolution layer (Conv2D), a ReLU activation layer, and
a max pooling layer, which collectively extract spatial-temporal features from the preceding layer. At the
end of the two CNN layers, a flattened layer converts the feature map into a 1D vector representation.
Additionally, a tabular feature extraction module extracts features from work zone-related attributes and
converts them into a 1D feature vector, which can then be concatenated with the feature vector extracted
from the CNN layer.

(3) Attention Layer

As presented in Fig. 4, the proposed network uses the self-attention mechanism to weigh the
importance of different parts of the feature representation from the encoder layer. The self-attention
mechanism is a deep learning technique originally designed for natural language processing (NLP) tasks to
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improve the modeling of relationships in sequential data [18], and further implemented in other areas such
as helping the model to learn which part of the feature representation is more informative for succeeding
model components [19][28].

When image and tabular data features are concatenated, they form a combined feature space. This
space includes both the spatial information from the images and structured information from the tabular
data. However, not all features contribute equally to the task at hand. An attention mechanism is employed
here to dynamically learn to focus more on those features that are more relevant, effectively learning a task-
specific weighting of features. By applying attention to the concatenated features, the model can highlight
aspects of the data that are more informative for the specific prediction or reconstruction task. This selective
focus can improve accuracy and robustness by reducing the impact of less relevant or noisy data.

To compute the decoder input, First, features extracted from both the image and the tabular data
are combined into a single feature vector. This combined feature vector is then transformed into three
different sets of vectors [19]: queries (Q), keys (K), and values (V). These transformations are achieved
through multiplication by three distinct sets of weights. The model computes scores by comparing all the
queries with all the keys. These scores determine how much attention or importance should be given to
each value vector. Each value vector is then multiplied by its corresponding attention score, effectively
emphasizing more important features and diminishing less important ones. The resulting weighted sum
forms a new, attention-enhanced feature vector that is used as the input for the decoder. The process of
implementing the self-attention mechanism on the encoded input feature can be expressed by the following
equations:

( [Q K, V] = [Wg, Wk, Wy] - x

kT
A = softmax <Q K ) (4)

o
z=AV

where x is the concatenated input feature vector from the encoder layer, W, Wk, and Wy, are

weight matrices, 4/ dj, is a scaling factor, and z is the output feature vector after applying self-attention.

(4) Decoder Layers

The decoder layer of this network consists of two transposed convolution layers for image
reconstruction and a set of fully connected layers for incident likelihood prediction. The transposed
convolution layers, denoted as DeCNN, are used to reconstruct the encoded feature vector to produce a 2D
image for speed prediction.

The decoder receives an attention-enhanced feature vector from the attention layer. Then, the first
DeCNN layer takes the flattened feature vector from the previous layer and reshapes it back into a multi-
dimensional tensor. It then applies transposed convolution operations to start upsampling the features back
to the spatial dimensions needed for image reconstruction. Following the initial upsampling, the second
DeCNN layer further increases the spatial dimensions of the feature map, continuing to add detail and
structure. It reduces the number of channels, aiming to reconstruct the spatial structure of the original input
image. After each transposed convolution, an activation function such as ReLU is applied to introduce non-
linearity, helping to model complex patterns in the data.

Following two consecutive DeCNN layers, the image output path employs a sigmoid activation to
normalize the image pixels for the one-channel speed graph. On the classification output side, the attention-
enhanced feature vector is sent to a set of fully connected layers with a softmax activation function at the
end to output a probability between 0 and 1, indicating the likelihood of the input belonging to one of two
incident labels.

3.3 Loss Function

Given that the model adopts a multi-tasking learning structure and outputs two types of outputs,
i.e., 2D space-time traffic speed image and incident likelihood, we employ distinct loss functions for each
target output and combine them to represent the model's overall loss.

10
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For the traffic speed prediction, we implement the widely used Huber loss function to mitigate the
impact of outliers in speed predictions [25]. The definition of Huber loss is provided in (5), where y and
refer to observed and predicted speeds, respectively, and § is a hyperparameter that requires tuning.

SO-97  forly-3I<3,
L6 (y! 5}) = 1 (5)
Sy — 9| — 562 otherwise.
For incident prediction, we employ cross-entropy loss, commonly used in classification problems
[10], denoted as L.,.. This loss function measures the performance of the classification output, which is a
probability value between 0 and 1. The total loss can be expressed as the weighted sum of the losses from
the two tasks:
L=w; Ls+wy-Leg (6)
where weights w; and w, are hyperparameters to be tuned during model training.

4 EXPERIMENTATION
4.1 Performance Metrics

The experimentation adopts three widely applied evaluation metrics to quantify the performance of
speed prediction of each model [18][17][32]. They are Mean Square Error (MSE), Root Mean Square Error
(RMSE), and Mean Absolute Percentage Error (MAPE). The performance metrics are presented in (5),
where J; represents the predicted speed made by the model, y;represents the corresponding ground-truth
value.

( N
1 1 2
RMSE = |~ @i = )
i=1

N
1IN, (7)
MAE = ﬁZm -
i=

119
MAPE — _Z 19 — il

Ng

Regarding incident prediction, we adopted three commonly used classification prediction metrics,

recall, precision, and F1 score to assess each model’s performance [30]. Recall measures the proportion of
actual positives correctly identified by the model, highlighting its sensitivity. Precision assesses the
accuracy of the positive predictions made by the model, indicating the proportion of true positives among
all positive predictions. F1 score is the harmonic mean of precision and recall, providing a single metric
that balances both the precision and the recall to measure a model's accuracy more comprehensively.

11
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Fig 5. Work zone space-time traffic image processing

For work zone samples exhibiting congestion patterns, we introduced three congestion-specific
metrics to evaluate the prediction performance: the start time, duration, and maximum queue length of the
congestion, where the duration and queue length are the width and depth of the congestion area on the
space-time speed image. For each 2D space-time image corresponding to a work zone, to minimize the
interference of random data noise, we only consider congestion that last over one hour and extend across
multiple consecutive link segments as valid. To identify valid congestion areas in the space-time images,
we employed Otsu's method, an automated process used widely in image segmentation, as demonstrated in
Fig. 5. Otsu's thresholding algorithm, a popular technique in image processing, is particularly effective for
automatically performing clustering-based image thresholding [13]. The method operates by calculating
the histogram of the pixel intensities and systematically testing all possible thresholds to determine which
maximizes the between-class variance (i.e., the variance between the pixel intensities above and below the
threshold) [14].

4.2 Baseline Models
The results of our model are compared against the following models:
o ARIMA: Auto-regressive integrated moving average.
¢ GRU: Gated recurrent unit network
e [LSTM: Long-short-term memory network
e Conv-LSTM: Convolutional long-short-term memory network
The first four models—ARIMA [26], GRU [27], LSTM [27], and Conv-LSTM [23]—all make
speed predictions in an autoregressive form. They require a short initial sequence as input to predict the
very first timestep during the work zone. They then gradually append the newly predicted speed values to
the input sequence and use the extended sequence to predict the next timestep until the entire duration of
the work zone is predicted. The MCNN-ED model uses the same encoder-decoder structure as the
AMCNN-ED proposed by this study, the only difference being that MCNN-ED does not incorporate a self-
attention layer to enhance the feature representation. It should be noted that there aren’t any existing models
that can be applied directly for the problem defined in this study, therefore the baseline models listed here
are highly customized to fit the work zone prediction scenario in this paper, the literature cited here only
provided high-level concepts instead of complete model structures.
All neural network models were implemented using Pytorch 2.0. Each model was trained on a RTX
A5000 GPU, providing ample GPU memory to facilitate the learning process. Additionally, the Adam
optimizer was employed. The models were run for 200 epochs. Early stopping was implemented to prevent
overfitting, halting the training process if the validation loss deteriorated for a specified number of epochs,
even if the training loss continued to decrease.

12
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5 RESULTS AND PERFORMANCE EVALUATION
5.1 System-Level Performance Analysis

Table 1, 2, and 3 present the prediction results of the proposed model and baseline models on the
testing dataset for the 547 work zone events. Table 1 displays the results on all test work zones, while Table
2 focuses on results on congested areas of impacted work zones. The results in Table 1 demonstrate that
the neural network-based models all outperform the ARIMA model. This is because ARIMA relies solely
on previous timesteps’ traffic data and fails to account for changes in traffic caused by work zone activities.
Additionally, the results indicate that RNN-based autoregressive models do not perform as well as encoder-
decoder structures, due to their inability to capture the comprehensive spatial-temporal dependencies
between work zone properties and traffic patterns. Among the two encoder-decoder models, AMCNN-ED
outperforms MCNN-ED. This superior performance can be attributed to the self-attention layer in
AMCNN-ED, which enhances the model's ability to discern the relative importance of different sectors in
the joint feature representations produced by the encoder layers.

TABLE 1. TRAFFIC SPEED PREDICTION RESULTS

Performance metrics
Model MAE RMSE MAPE
(mi/h) (mi/h) (%)
ARIMA 10.83 12.11 17.72
Auto- GRU 8.14 8.63 14.65
Regression | | g1\ 7.99 8.61 14.53
Conv-LSTM 7.59 8.46 13.83
Encoder- MCNN-ED 7.36 8.30 13.77
Decoder AMCNN-ED 7.10 8.06 13.16

From the perspective of in-advance traffic management and long-term work zone planning,
accurately forecasting the road segments impacted by work zone activities is of paramount importance.
Therefore, we selected 50 work zone samples that experienced congestion during the work zone duration
from a total of 547 test work zones to compare the performance between our model and baseline models.
The ARIMA model, unable to predict traffic congestion caused by work zone activities, was excluded from
the analysis in Table 2.

As shown in Table 2, compared to RNN-based autoregressive models, the two encoder-decoder
approaches demonstrate substantial improvements. This suggests that multi-context convolutional feature
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TABLE 2. TRAFFIC CONGESTION PREDICTION RESULTS

RMSE
Model Congestion Congestion Max Queue

Start Time Duration Length

(hour) (hour) (mile)
GRU 2.32 2.97 1.53
Auto-. LSTM 2.24 2.99 1.45

Regression

ConvLSTM 2.18 2.88 1.36
Encoder- MCNN-ED 2.03 2.65 1.22
Decoder "\ MCNN-ED 1.92 2.53 1.09

extraction is more effective at capturing the spatial-temporal correlations across multiple adjacent locations
over extended periods. This capability is particularly crucial for predicting non-recurrent congestion
patterns during work zone events. Furthermore, the AMCNN-ED structure outperforms the CNN-ED
structure, primarily due to its self-attention mechanism, which enables the model to identify key elements
in the feature vectors from both the static work zone features and the historical spatial-temporal traffic
patterns, thus more accurately predicting the occurrence of traffic congestion.

Table 3 presents the prediction results for collision incidents during work zone events. We excluded
ARIMA from the model list since it is designed solely for time-series prediction and cannot provide
classification outputs. The results show that the AMCNN-ED model outperforms the baseline model across
all three performance metrics. This suggests that the AMCNN-ED model is more effective at predicting
potential collision incidents compared to autoregressive models and non-attention-based encoder-decoder
models, while also minimizing false alarms in work zones. It should be noted that the prediction accuracy
of all the listed models remains below 0.7. This limitation is largely due to the stochastic nature of incidents
and the current limitations of available data. According to various studies [15][16][30], the occurrence of
collisions is influenced by numerous factors, including traffic, road closures, and external conditions such
as weather, driver behavior, and vehicle conditions. Therefore, it is challenging to achieve precise forecasts
for incident occurrences based solely on historical traffic data and projected work zone properties.
However, the results demonstrated by this model still show promising potential to assist in the prevention
of potential crashes during the planning of work zone activities.

TABLE 3. INCIDENT PREDICTION RESULTS

Performance metrics
Model
Recall Precision F1 Score

GRU 0.54 0.62 0.58

Auto-Regression | LSTM 0.53 0.61 0.57
ConvLSTM 0.54 0.62 0.58

Encoder- MCNN-ED 0.56 0.62 0.58
Decoder AMCNN-ED 0.58 0.65 0.61
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5.2 Event-Level Spatial-Temporal Performance Analysis

In this section, we focus on the model performance of selected examples from test dataset to
illustrate the prediction performance of the proposed AMCNN-ED model and compare it with the best-
performing baseline model at the event level in Fig. 6. Each plot in Fig. 6 represents a 2D space-time speed
difference graph for the duration of each work zone. In Fig. 6, the ground truth speed graph is displayed in
the left column, the prediction results from AMCNN-ED are in the middle column, and the results from the
best-performing autoregressive model (Conv-LSTM) are in the right column. The dark blue areas indicate
significant speed drops compared to the historical average speed at the same time of day, signaling severe
congestion, while the yellow areas indicate speeds similar to the historical average. As shown in Fig. 6, the
four work zones caused one or more instances of congestion during the work zone period, extending to
multiple link segments upstream. The AMCNN-ED model more accurately captures the timing and spatial
extent of the congestion compared to the autoregressive model. In contrast, the Conv-LSTM model tends
to underpredict or overpredict the congestion area. A key insight from this comparison is that autoregressive
models may incorrectly interpret traffic flow's temporal variations. This occurs because they predict each
timestep based solely on previous timesteps, ignoring shockwave propagation. In contrast, the AMCNN-
ED model incorporates global information, both temporally and spatially, for the work zone event. This
underscores the benefits of using an attention-based encoder-decoder structure over an autoregressive
structure for predicting traffic patterns during planned work zone activities.

Ground Truth ) AMCNN-ED* Benchmark{Conv—LST_l\g)

=)

[

= Work Zone 1

' Speed Diﬂere nce (mph)

2 Work Zone 2

Speed Difference (mph)

Link Order

= Work Zone 3

L | .o
Speed Diﬁerence{mph}_

= Work Zone 4

Speed Difference (mph)

23 4 5 &
Time (hour)
Fig 6. Examples of event-level speed prediction performance
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6 CONCLUSIONS

This paper presents a data curation pipeline for data-centric work zone traffic prediction problems
and proposes an attention-based multi-context encoder-decoder convolutional model to predict the traffic
impact of planned work zone events. Our method consists of two main steps. First, we integrated archived
data from multiple data platforms to construct a curated work zone traffic dataset that encompasses the
essential factors influencing traffic changes and work zone characteristics. Next, we developed a
convolutional encoder-decoder model to create a joint representation of multi-context spatial-temporal
input features and implemented a self-attention mechanism to highlight key sectors within the encoded
features. These features are then reconstructed through the transposed convolutional decoder layers to
generate predictions for traffic speed and incident likelihood during the work zone events. The model,
evaluated using four years of archived traffic data from Maryland, reduces the prediction error of traffic
speed by 5% to 34%, queue length by 11% to 29%, congestion timing by 6% to 17%, and increases the
accuracy of incident predictions by 5% to 7% compared to baseline models. Future research could extend
the algorithm's application to other regions and assess its potential to enhance prediction performance for
other non-recurrent traffic conditions.
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