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A B S T R A C T

Traffic accident management is a critical issue for advanced intelligent traffic management. The increasingly
abundant crowdsourcing data and floating car data provide new support for improving traffic accident man-
agement. This paper investigates the methods to predict the complicated behavior of traffic flow evolution after
traffic accidents using crowdsourcing data. Based on the available data source, the traffic condition is divided
into four levels by congestion delay index: severely congested, congested, slow moving and uncongested. Four
types of accidents are consequently defined based on the occurrence of each level. A hierarchical scheme is
designed for identifying the most congested level and sequentially predicting duration of each level. The pro-
posed model is validated using traffic accident data in 2017 from an anonymous source in Beijing, China by
embedding three machine learning algorithms, random forest (RF), support vector machine (SVM) and neural
network (NN), in the scheme. The results show NN outperforms the other two models when the assessment is
conducted in absolute differences. Meanwhile, RF has a slightly better performance than SVM, especially when
predicting the short-period congestion of severely congested level at the first time. By continuously updating the
traffic condition information, significant improvement in accuracy can be acquired regardless of the exact model
used. This study shows that emerging crowdsourcing data can be used in a real-time analysis of traffic accidents
and the proposed model is effective to analyze such data.

1. Introduction

According to various factors, such as improper driving behavior,
bad weather, and so on, traffic accidents become somewhat inevitable.
They usually have a broad-scale impact on traffic conditions, especially
in peak hour. Typically, accidents may generate congestion to some
extent in part of the road network or even cause a chain breakdown in
the entire system when the occurrence is overlapped with a road bot-
tleneck. This type of congestion is characterized as nonrecurrent con-
gestion along with congestion caused by large events, work zones and
extreme weather. Nonrecurrent congestion, of which 72% is caused by
accidents (Skabardonis et al., 2003), accounts for half to three-quarters
of total congestion (Giuliano, 1989). To cope with this mobility chal-
lenge, accurately predicting Traffic Accidents Post-Impact (TAPI) is of
great significance for better guiding traffic participants involved and
more efficiently operating integrated transportation systems.

One key aspect of traffic accident analysis and prediction is to ob-
tain both accident information and surrounding traffic conditions si-
multaneously in real time. Accident information in previous research

was mainly single-sourcing from the Traffic Incident Management
System (Li et al., 2018), which is created and operated by government
departments or research institutions. Live traffic conditions can be ac-
quired from various road sensors such as cameras, loop detectors and
GPS-based on-board units. However, spatiotemporal sparsity issue oc-
curs in the above conventional approaches due to the limited number of
traffic detectors, especially when considering about the identification of
accidents and recording surrounding traffic conditions simultaneously
for real-time prediction. Due to the limited data availability, two major
deficiencies exist in the previous studies. One is that the model is
usually constructed only based on a small region, such as a specific
highway (Zou et al., 2016; Al-Najada and Mahgoub, 2017) or urban
freeway (Hojati et al., 2013). The other shortcoming is that the in-
formation of past accidents stored in the offline database is always
complete while only a small part can be acquired in time for a real-time
prediction. For example, whether there is fatality or injury in accident
impacts accident duration. Usually, such information is collected
afterwards which cannot be used in real-time analysis. Thus, more ef-
forts need to be paid to retrieve timely information and conduct online
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prediction.
In contrast, crowdsourcing data (CD) from mobile applications

(APPs) has become an emerging data source for transportation systems
due to its abundancy. Crowdsourcing, which converts all participants to
potential supervisors of the transportation system, can have informa-
tion from all the users spreading over the entire road network. Users on
the platform can share information immediately once they observed
any changes on roads while others who may be involved in future can
make decision beforehand based on the consistently updating traffic
conditions. Obviously, the exploitation of CD comes at the cost of in-
fidelity and uncertainty when interpreting it. Supplemented with credit
systems, crowdsourcing is becoming a comprehensive but cheap way to
collect traffic related data (Yang et al., 2015; Hasan and Ukkusuri,
2014; Zhang et al., 2018). Rashidi et al. (2017) and Chaniotakis et al.
(2016) provided a more detailed discussion about how CD could be
utilized in studying transportation issues.

Recent studies about the application of CD in transportation fields
mainly lie in the usage of social media, such as Twitter and Facebook.
By extracting the traffic event from textual data, locating the event and
associating with auxiliary data, traffic conditions can be estimated more
accurately (Wang et al., 2013). However, we note that User-Generated
Crowdsourcing Data (UGCD) which has a more direct connection with
traffic conditions remains unexplored. Several navigation systems such
as Google maps, Waze, Inrix as well as Autonavi and Baidu maps in
China provide users with an interface for reporting various traffic in-
cidents in real time, along with their navigation services. According to
this feature, accident information as well as surrounding traffic condi-
tions can be obtained simultaneously in real time. It is applicable to
develop a novel method to analyze TAPI using UGCD, especially, to
predict when the nearby road segment has resumed normal operation
rather than just the clearance time of an accident.

In this study, we novally introduce how to use UGCD in real-time
TAPI prediction and propose a hierarchical scheme to perform se-
quential prediction. Our work utilizes the power of open crowdsourcing
data in traffic accident analysis, thus the public is able to capture more
detailed perturbation of traffic conditions in a cost-efficient way
without inquiring the government department. UGDC can also provide
additional coverage to existing sources of the traffic management
system (Amin-Naseri et al., 2018), which facilitates more traffic parti-
cipants. Moreover, this work explores the potential of using advanced
Artificial Intelligence model in comprehensively predicting accident
impacts. The remainder of this paper is organized as follows: Section 2
is a brief literature review on traffic accident impact prediction and the
emerging usage of crowdsourcing data in transportation field. Section 3
gives a detailed introduction and explanation of the data used. Section 4
presents the hierarchical model and embedded machine learning al-
gorithms in this study, and Section 5 shows the numerical results with
analysis. Finally, Section 6 summarizes the major findings of this study.

2. Literature review

2.1. Traffic accident impact prediction model

Traffic accident impact is usually measured by traffic accident
duration, which is typically subdivided into 4 sections (Nam and
Mannering, 2000), including detecting/reporting time, preparing/dis-
patching time, travel time and clearance time. Studies that focus on
traffic accident duration, to a large degree, only consider specific
components within overall duration, especially the reported time dif-
ference between occurrence and clearance.

Since the life circle of accident is a good indicator of its impact,
probabilistic distribution analysis was used to characterize the evolu-
tion of accidents for decades solely based on accident information.
Jones et al. (1991); Qi and Teng (2008) and Chung (2010) used a log-
logistic distribution to fit the distribution of traffic accident duration.
However, there were also studies such as Golob et al. (1987) and Chung

and Yoon (2012), revealing that the distribution can be much better
described by a log-normal distribution, while Hojati et al. (2013) and
Alkaabi et al. (2011) found that a Weibull distribution fits best. How-
ever, the scalability of such analysis is greatly limited by the adopted
dataset. Researchers then turned to use statistical models to describe
the relationship between accident duration and other related factors.
Among all the proposed statistical models, regression model is the most
basic one, started by linear regression (Cohen and Nouveliere, 1997;
Khattak et al., 2012) which considered the duration as a linear com-
bination of different factors. Later, Wang et al., 2013; Agarwal et al.
(2016) expanded regression models and combined the merits of several
different models. The other representative class of models is the sur-
vival analysis/hazard-based model (Qi and Teng, 2008; Chung, 2010; Li
et al., 2015): a parametric accelerated failure time (AFT) model that is
widely used on different traffic duration time phases to figure out the
impact factors; however, different results are achieved due to the dif-
ferences in datasets and regions (Li et al., 2018). Zou et al. (2018) used
copula approach to jointly analyze incident clearance and response
time. The results showed that the proposed copula model can better
estimate conditional survival probability of clearance time than AFT
models.

As the amount and variety of data generated in transportation sys-
tems grow explosively, not only the impact of each factor is appealing
to researchers, but also the relationship among all variables as well as
the structure of the model itself remains uninvestigated. To harness the
massive data with unknown pattern, machine learning algorithms
realize the data fusion and bridge the gap when corresponding the in-
puts to output without exogenous assumptions. Thus, lots of machine
learning algorithms have been implemented to simulate human
learning activities and solved a lot of problems with high accuracy. The
typical machine learning methods used in traffic accident duration
prediction include the following: (1) tree models: tree models char-
acterize the nonlinear structure of model and output the average
duration of accidents with similar characteristics, which can give a
good accuracy; however, outliers in the input dataset will largely in-
fluence the results. Ma et al. (2017) proposed an efficient gradient-
boosting decision tree model for prediction by using a threshold of
15min. In comparison to traditional models and other methods in-
cluding RF, SVM and back-propagation-neural network, this model is
superior in both long-lasting and short-period incident prediction. (2)
Artificial neural network (ANN): The ANN approach is a data-driven,
self-adaptive and nonlinear methodology. Wei and Lee (2007) built a
data fusion model using ANN techniques with 1 hidden layer and ob-
tained MAPE under 40% mostly. Yu et al. (2016) compared the per-
formance of ANN and SVM and concluded that SVM model has a
comprehensively better performance despite of some long duration
cases. (3) Hybrid models: deviation within these simple models acti-
vates researchers to employ a hybrid model for a more exhaustive
prediction in recent years. Kim and Chang (2012) developed a hybrid
model, which combines a tree model, a logit model and a Bayesian
classifier together. Lin et al. (2016) proposed a combined M5P tree and
hazard-based duration model. This hybrid model achieves a lower
MAPE and identifies the significant variables much more easily than a
single model. Shang et al. (2019) used Bayesian Optimization Algo-
rithm to optimize parameters of RF while the relevant features are
calculated by Neighborhood Components Analysis. Kuang et al. (2019)
modeled the relationship of different features by a cost-sensitive
Bayesian network and classified accidents according to its severity. A
weighted K-nearest neighbor was then applied for duration prediction.
Fu et al. (2019) considered traffic incident duration as a multi-task
learning problem and proposed a spatiotemporal feature learning fra-
mework.
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2.2. Real-time measurements and time series analysis used in duration
prediction

As a traffic accident evolving, more information changes from un-
known to known and thus could be added into prior consideration; that
is, an up-to-date replenishment of information in model can result in a
better prediction. To better encode the changing environment, either a
real-time indicator or a time series model can be beneficial. Khattak
et al. (1995) split the whole process into 10 phases. Only basic factors
such as time, location and weather were obtained from reports in the
first phase, which led to a blurry classification of incidents. Details
about how one incident took place, how the operational conditions
were around that spot and other descriptions could be added into the
analysis in the following phases. Accuracy would increase after accu-
mulation and correction of all data from different phases. Wei and Lee
(2007) created two adaptive ANN-based models. The first one is used to
forecast the duration at the first time of detection or report, while the
other one includes multiperiod updates after the incident notification.
Pereira et al. (2013) developed a sequential model which can con-
sistently generate prediction updates whenever new text information is
received while taking into account the elapsed time. Li et al. (2015)
proposed a time-dependent mixture model which performs better than
a model only with initial information. A reasonable structure in time
series combined with timely detection of new information can make
sequential prediction powerful. Shi and Abdel-Aty (2015) provided a
real-time congestion measurement based on Big Data which could de-
monstrate the temporo-spatial change of congestion patterns. Both di-
rect and indirect congestion indicators were found to have significant
impact on rear-end crashes. Since different real-time indicators might
be correlated with each other, Shi et al. (2016) took multicollinearity
among independent variables into consideration and the performance
of model was further improved by using Bayesian ridge regression to
deal with the issue. Ghosh et al. (2018) provided updated prediction
based on real-time streaming data by creating adaptive feature subsets
based on the availability.

2.3. Crowdsourcing data used in transportation study

The data in most previous studies is from traffic accident reporting
system in local traffic accident monitoring centers or emergency re-
sponse agencies. Because the traffic conditions of different cities and
regions have changed greatly over time, researchers cannot increase the
sample size of the research objects by simply mixing a large amount of
historical data with diverse background. In response to this situation,
CD provides a significant advantage in that a large amount of data can
be collected in a short time without specific gathering environment
required. Rashidi et al. (2017) presented a bibliometric analysis with a
focus on applications of social media data in modelling travel behavior,
including travel demand modelling, mobility behavior, individuals’
activity pattern, assessing public transport, traffic condition and in-
cidents. They pointed out that the low acquisition cost and increasing
amount made these data sources appealing. Nonetheless, special cau-
tion is required in using such data due to high extraction cost and
sampling bias. Beheshti-Kashi et al. (2018) identified a list of textual
sources in transportation which divides highly valuable user opinions
into 3 categories, including social media based sources, traditional re-
port sources and intra-organizational sources. Regarding to applications
related with traffic accidents, Nguyen et al. (2016) carried out a de-
tailed analysis of using Twitter to monitor traffic flow, which could be
an ideal method of traffic incident detection. 5000 filtered tweets are
labeled as either relevant or nonrelevant when training the machine
learning models. Their model can not only advance the incident de-
tecting time in comparison to Transport Management Centre (TMC) log
time, but also discover some incidents that are not reported to TMC. Gu
et al. (2016) primarily used natural language processing and several
classifiers to extract and filter useful information from original text

posted by users. Applications in different regions reveal great potential
by covering existing reported incidents with just a small sample of
tweets. UGCD has also been explored in accident analysis in recent
years. Amin-Naseri et al. (2018) discovered that UGCD can provide
additional coverage of accidents with low false alarm to conventional
traffic management system. Timely reporting has also been found
compared to probe-based alternative. Perez et al. (2018) extracted ac-
cident reports from Waze. They identified the repetitive reports ac-
cording to road safety theory and obtained the patterns using clustering
algorithm.

Comprehensively, the internet, associated with a social platform,
can provide first-hand data without a chain of trivial reporting pro-
cesses. Most of the previous work focuses on incident detection from
social media; the subsequent impact, which extends to a sequential
detection, is rarely mentioned, probably due to the lack of corre-
sponding real-time traffic flow status data, or possibly for other reasons.
To the best of our knowledge, traffic duration prediction has not been
performed using UGCD up to now.

3. Data preprocessing and problem definition

3.1. Data description

The data used in this paper was collected from an anonymous na-
vigation system. Compared to social media, such as Twitter, navigation
system is highly related to the transportation system so that it provides
a perfect interface for CD and traffic condition. In this study, real-time
accident information and surrounding traffic conditions can be ob-
tained by accident report and congestion level estimation functions of
navigation system respectively.

The procedure of reporting accident to the navigation system is
quite simple. Users can depict a traffic accident by selecting accident
type, lane location from a preset framework while the time and location
can be automatically detected. This kind of preset framework makes the
report simple and efficient and can provide data in a unified format, but
textual descriptions and photos can also be attached for details. The
reported information will appear on the map as an icon, so that other
users are informed about the change on road and can get further in-
formation by clicking on the icon. After a certain period, the icon will
disappear from the map due to the expiration.

In this dataset, traffic conditions are obtained from the feedback
provided by floating cars every 5min to the granularity of road seg-
ment. However, relative congestion level usually counts more than
absolute speed in reality when depicting the traffic status. In typical
navigation systems, a 4-level traffic status defined by congestion delay
index with color indicators is used. Congestion delay index I is given by
Eq. (1):

=I v
v
free

(1)

where v is the current average speed of the investigated road segment,
and vfree is the corresponding free flow speed. In this study, the
boundaries for different levels are defined as,

Level 1: when 1≤ I < 1.5, the segment is considered as uncongested,
indicated by a green color (G);

Level 2: when 1.5≤ I < 2, the segment is considered as slow moving,
indicated by a yellow color (Y);

Level 3: when 2≤ I < 4, the segment is considered as congested, in-
dicated by a red color (R);

Level 4: when I≥ 4, the segment is considered as severely congested,
indicated by a crimson color (C).

Since different users may report the same accident to the platform
which is encouraged for credential purpose, repetitive records are
stored. After filtering the information of all accident reports in Beijing,
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including both urban and suburban areas during 2017, we finally
screen out a list of 13,338 unique accident reports. Matching the reports
with the traffic condition data by geocoding, we obtain a comprehen-
sive description of an accident and the corresponding traffic conditions.
To further capture other potential factors that may affect TAPI, we
gathered more data about weather and air quality during the selected
traffic accident period as well as the temporospatial properties of road
segments.

3.2. A comprehensive definition for TAPI and accident types

Conventionally regarded as accident duration, TAPI, in fact, has a
more sophisticated evolution. Not only the accident itself that matters,
the entire recovering process should also be taken into account. More
specifically, the congested level will show a unimodal trend, first ex-
periencing a growing stage after an accident occurrence and then fol-
lowed by a diminishing stage until traffic flow returns to normal.
Accident may be cleared in either stage but TAPI will last much longer
and cause lasting impact on roads. Moreover, congestion of different
levels needs to be considered separately and differently. Based on the
subdivision of traffic status, TAPI can be depicted comprehensively by
the following 2 sets of value: (1) the most congested level that traffic
condition will reach at the end of growing stage. (2) The duration from
the reported start time to the end of each congestion level within the
diminishing stage. Combining these two factors, the accidents can be
classified into 4 types according to the number of levels reached con-
sequently, as shown in Fig. 1. Type 4 is the worst case which means that
after the accident happens, the traffic becomes increasingly congested
until it reaches Level 4 and then congestion dissipates gradually. In
contrast, Type 1 accident almost has no impact on the road conditions.

Tstart stands for the start time of an accident. Ideally, congestion
status may reach the peak after a period of fluctuation and slowly re-
turn to uncongested after the clearance of traffic accident. N4= 1, if the
congestion reaches the level of severely congested, and N4= 0, other-
wise. Similarly, Ni(i=1, 2, 3) indicates whether the traffic ever reaches
level i. During the diminishing stage, Ti(i=1, 2, 3) is the first time back
to level i. Although road conditions may fluctuate back and forth be-
tween different levels during the clearance of a traffic accident, we use
the first occurrence of each congestion level in diminishing stage to
represent the change of status in this study. It's because the first oc-
currence time shows the least time required for recovery while the
following fluctuation has a higher probability to be caused by reasons
other than accident. Therefore, we can define Ttoi= Ti− Tstart(i=1, 2,
3) to measure the exact duration of recovery to a specific level.

Taking the actual data as an example, all 4 types of accident con-
gestion progress can be observed and examples are shown in Fig. 2.

4. Methodology

4.1. Hierarchical TAPI predicting scheme

Based on 4 accident types, we proposed a hierarchical TAPI pre-
dicting model by combining the prediction of the most congested
condition and the duration of consequent congestion levels. At the very
beginning of an accident, only basic information is known, a qualitative
prediction about the most congested level is performed in the order of
severity. When a level is predicted to happen, the duration prediction is
activated for all levels below. As time goes by, more information about
the accident and its consequent traffic conditions will be known. If the
most congested level in reality is consistent with former prediction, new
information such as when the former congestion level ends is added
into the model, more accurate prediction for the following TAPI can be
performed. Otherwise, the prediction of the most congested level is
revised and the following prediction is performed consequently. The
prediction process can be illustrated as Fig. 3.

Take the accident shown in Fig. 2d as an example, the hierarchical
scheme will ideally make predictions in the following manner: (1) given
the initial information of accident and associate environment factors,
use a binary classification to predict whether Level 4 will occur; (2)
Level 4 is predicted to happen. Thus, this accident is considered to be a
type 4 accident and duration prediction for Ttoi(i=1, 2, 3) is activated.
Predicted value can be used as a reference for traffic guidance; (3)
65min later, N4= 1 is detected which indicates a right classification at
step 1. No additional adjustment is needed with a correct classification;
(4) 85min later, T3 is detected. Add the known value Tto3 into model
and calibrate the predicted duration of lower levels =T̂ i( 1, 2)ito ; (5)
110min later, Tto2 is detected. Further add the known value Tto2 into
model and calibrate the predicted duration T̂to1; (6) 120min later, Tto1 is
detected. Traffic flow returns to uncongested and the TAPI of this ac-
cident is fully depicted in the procedure.

4.2. Embedded algorithm

Since the scheme does not depend on any prior assumption or
structure, it is totally data-driven and we can embed any algorithms for
prediction. For comparison and illustration purpose, we use three
common algorithms, random forest, support vector machine and neural
network, in the following content.

RF is an ensemble model with each tree model catching part of the
nonlinearity between TAPI and a subset of factors. Since the inner re-
lationship among all variables and their different categories is difficult
to interpret in real life, RF acts as a combination of multiple decision
trees to find the most possible result without a bunch of assumptions. It
is also effective in preventing overfitting to training data.

SVM constructs a hyperplane that can be used for classification. If
linear inseparability occurs when dividing the space, segmentation

Fig. 1. Traffic conditions after accidents.
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could be finished by mapping all points to a higher-dimensional plane.
By using a kernel function to map data from lower-dimensional space to
higher-dimensional space, simplified calculation can be operated di-
rectly in the mapped space, thus making the application of the algo-
rithm feasible. In this study, a radial basis kernel function shown as Eq.
(2) is chosen:

= − ∥ − ∥K ex x( , )i j
γ x xi j

2
(2)

NN is composed of input layer, hidden layer and output layer and
weights between each layers are calculated. Generally, the output
variable can be written as Eq. (3):

= + +y g gw w x b b( ( ) )o o
T

h h
T

h o (3)

where x is the input variables, wh and bh represent weights and bias
between input layer and hidden layer, wo and bo represent weights and
bias between hidden layer and output layer. gh and go are activation
functions which introduce nonlinearity into NN. More complexity can
be captured by increasing the size or the depth of the layer.

5. Numerical results

5.1. Model inputs

We extract 3 kinds of crucial factors that may potentially impact
TAPI, including temporospatial features, weather conditions and re-
ported accident information. Furthermore, 8 independent variables
could be split into 36 dummy variables, and the corresponding statistics
of the happening probability and duration of each congestion level are
shown as Table 1.

From Table 1, we can get some primary conclusions. (1) The

probability to have high congestion levels increases as the road class
becomes higher and severely congested after an accident occurs twice
as likely on urban roads as rural roads. However, average duration is
not much different in both cases. (2) Workday has significantly larger
probability but similar duration to have congestion than holiday. (3)
Peak hour increases the probability to have congestion while morning
peak hour has further impact on the duration. (4) Middle lane has a
higher probability to cause congestion compared to side lanes. (5)
Foggy and sleet have positive impact on probability and duration re-
spectively. (6) Congestion level before accident shows the largest var-
iation among all factors.

5.2. Model evaluation

To evaluate our models, the whole dataset is split into 2 parts: 70%
as the training set and 30% as the test set. We use a binary classifier
based on RF and SVM respectively, to predict which level is the most
congested level after a specific accident. To investigate the performance
of these qualitative prediction models, two criteria: accuracy (ACC) and
precision (PPV) are computed. The results are shown in Table 2.

ACC shown as in Eq. (4) is chosen to evaluate the overall predictive
power of our models,

=
+

+
ACC TP TN

P N (4)

PPV shown as in Eq. (5) is chosen to evaluate the credibility of the
predicted positive events which represent the occurrence of congestion,

=
+

PPV TP
TP FP (5)

On one hand, three models have similar performance with ACC over

Fig. 2. Illustration of different types accident.
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0.73 among all levels while NN slightly outperforms the other two ML
models. However, the skewed fact should be noticed when predicting
N4 and N2. According to the dataset, severely congested rarely happens.
If we adopt a naïve algorithm to keep predicting 0 for all N4, the model
already achieves a high ACC. Similarly, always predicting 1 for N2 also
achieves a high ACC. But this kind of algorithm is not applicable since it
does not serve the classification purpose. Thus, on the other hand, more
indicators such as PPV are needed as a supplement. PPV is over 0.81
among all models where SVM has slightly better performance. The high
PPV implies a high probability of congestion occurrence if the model
gives a positive prediction and thus is quite informative to traffic par-
ticipants. Note that, as the congestion level increases, PPV also in-
creases and even approaches 1 when predicting the severely congested
level. Overall, our model can have a good prediction with high ACC and
PPV which makes a good start for TAPI prediction.

For the duration prediction of each level, we start with only relying
on the initial information of accidents. The predicted results without
updates are shown in Fig. 4.

All the models have a concentrated prediction, that is, more accu-
rate prediction can be achieved at moderate duration while obvious
deviation is shown at larger and smaller values. As the degree of con-
gestion decreases, the predicted values show a positive bias. In addi-
tion, it is worth noting that NN model shows extremely high accuracy in
Tto3 prediction and a positive bias in other cases when congestion does

not last long.
Considering the sequential prediction, we obtain more information

as the accident evolves which can also be added into the model.
Specifically, if Tto3 is detected in reality, it can be considered as an
independent variable when predicting Tto2 and Tto1 in Type 4 accidents.
Likewise, actual Tto2 can be utilized to predict Tto1 in both Type 4 and
Type 3 accidents. The results of models with updates are as shown in
Fig. 5.

Comparing the results without updates in Fig. 4 and with updates in
Fig. 5, we can see that sequential prediction can effectively improve all
three models.

From the perspective of numerical criteria, mean absolute percen-
tage error (MAPE) and root mean square error (RMSE) are used to
measure the accuracy of these quantitative models as shown in Tables 3
and 4.

MAPE shown as in Eq. (6) is chosen to assess the overall perfor-
mance of models,

∑=
−

×
=

ˆ
m

t t
t

MAPE 1 100%
i

m
i i

i1 (6)

RMSE shown as in Eq. (7) is chosen to understand the absolute value of
deviation,

Fig. 3. A schematic diagram for hierarchical TAPI predicting model.
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=

ˆ
m

t tRMSE 1 ( )
i

m

i i
1

2

(7)

Same as the illustration in Figs. 4 and 5, RF and SVM models
without updates has a MAPE over 27% besides the prediction of Tto3 by
RF model while NN models reaches below 20% in some cases. The
accuracy is limited by two main reasons: (1) the granularity of detected
traffic condition is 5min which has restrictions on the original data
accuracy and continuity. (2) MAPE is also influenced by the scale of the
duration itself since it mainly describes the relative error to its absolute
value. Small denominator will magnify errors between the actual value
and predicted value. The prediction of Tto3 by RF model reduces large
MAPE from (2) by given good estimation on small duration. By adding
the actual hitting time of previous congestion level can make the model
reaches MAPE lower than 10%. In the version with updates, RF has
better predicting power than SVM and NN.

To further show the prediction performance on specific accident
rather on the average level, we define the following assessment criteria
on absolute prediction difference in Table 5, and corresponding pro-
portion is shown in Fig. 6.

Despite the results of average criteria is not good enough, we find
about 50% accidents can be highly accurate predicted even only with
the initial information. More interestingly, NN shows great advantage
over other two models when considering about the absolute difference.
Meanwhile, Fig. 6a shows that inaccurate predicting also counts a lot
which further implies the initial information about accident is not
adequate to characterize the entire TAPI. Improvement from Fig. 6a and
b comes from the increasing number of highly accurate predicting.
Thus, it is reasonable to assume if we can get more detailed description
of the accident and its surrounding traffic condition, the model can fi-
nally give an ideal prediction.

Since no previous study has used the same kind of data as our work,

Table 1
Summary of occurrence probability and duration for each congestion level.

Category Variable Dummy variable Average probability (%) Average time (min)

N4 N3 N2 Tto3 Tto2 Tto1

Temporo-spatial feature Classification of roads a1 highway 18.59 60.22 80.67 55.60 71.60 80.30
a2 1st class road 12.26 51.42 79.25 58.27 74.86 77.20
a3 2ed class road 9.58 39.59 68.32 50.77 63.42 70.50
a4 3rd class road 10.31 40.36 62.78 35.00 62.33 68.50
a5 4th class road 6.91 31.48 58.93 49.58 64.97 69.50
a6 expressway 29.79 73.65 88.73 50.53 68.95 78.19
a7 arterial 25.71 64.88 82.42 49.23 65.92 75.46
a8 2ed trunk 21.34 57.10 76.57 51.05 68.08 75.46
a9 branch 17.11 53.22 74.71 54.87 68.91 76.66
a10 street 18.32 52.01 75.46 41.70 61.44 68.52

Workday or not b1 workday 23.92 61.71 80.32 50.64 67.98 76.08
b2 holiday 18.59 57.55 78.06 49.36 65.70 74.97

Peak hour or not c1 morning peak 25.18 64.60 81.89 55.36 73.07 80.14
c2 evening peak 26.82 65.98 83.42 48.03 67.44 76.49
c3 off peak 20.10 57.16 77.57 48.78 64.69 73.55

Lane location d1 left side 20.45 57.85 78.05 49.28 66.60 74.57
d2 middle 25.24 64.07 81.82 49.70 67.23 76.21
d3 right side 22.75 60.81 79.83 51.75 68.34 76.56

Weather condition Weather e1 sunny/cloudy 22.27 60.79 79.61 50.35 67.17 75.66
e2 light rain 23.39 60.49 80.57 50.79 67.72 75.94
e3 moderate rain 24.00 60.00 80.00 47.33 70.42 76.13
e4 storm 23.72 63.46 77.56 50.14 68.69 80.25
e5 foggy 28.24 70.59 87.06 47.92 69.67 76.89
e6 sleet 36.36 50.91 63.64 58.50 83.57 83.71

Pollution level f1 good 22.37 60.40 79.62 50.63 67.47 75.75
f2 lightly 24.06 62.05 80.50 49.29 67.21 76.09
f3 moderately 23.22 61.48 79.51 53.76 69.96 76.67
f4 severely 22.50 62.50 81.88 45.14 66.75 75.19

Accident information Accident type g1 breakdown 23.11 60.71 79.97 49.03 69.01 77.26
g2 scratch 24.49 62.30 82.03 48.43 65.79 75.32
g3 pileup 21.24 60.08 78.98 52.27 67.96 75.83
g4 other 22.19 55.01 75.39 53.00 67.93 74.19

Congestion level before accident h1 uncongested 10.83 38.57 63.07 58.80 68.11 70.19
h2 slow moving 14.04 68.21 99.71 55.15 63.17 70.61
h3 congested 35.90 99.71 99.89 46.73 65.96 85.78
h4 severely 99.03 99.46 99.68 45.39 77.77 87.64

Table 2
Results of predicting the most congested level.

Actual value RF SVM NN

0 1 ACC PPV 0 1 ACC PPV 0 1 ACC PPV

N4 0 3091 6 0.8391 0.9560 3095 2 0.8386 0.9924 3077 24 0.8423 0.9245
1 638 267 644 261 607 294

N3 0 1226 335 0.7311 0.8354 1283 278 0.7309 0.8552 1128 409 0.7406 0.8178
1 741 1700 799 1642 629 1836

N2 0 71 735 0.8051 0.8109 91 715 0.8048 0.8140 89 702 0.8096 0.8178
1 45 3151 66 3130 60 3151
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Fig. 4. Results of two models without updates.

Fig. 5. Results of two models with updates.

Y. Lin and R. Li Accident Analysis and Prevention 145 (2020) 105696

8



we compare our model performance with some of the work which
considered dynamic prediction in Table 6. The lower bound of MAPE
has been greatly improved by our work which shows the great potential
predictive power of CD in accident duration.

5.3. Influencing factor analysis

Since different independent variables have different effects on the
prediction, it is meaningful to identify the factors that have great im-
pact for further research. Take RF model in the previous section for
analysis, top 5 features and their corresponding importance scores are
shown in Table 7.

For qualitative models, we find h congestion level before accident

dominates the prediction. It is not surprising since the most congested
level that the accident may reach is based on the former traffic condi-
tion. As a supplement, c3 whether it's peak hour and a6 whether the
accident occurs on expressway also affect. h congestion level before
accident is still important in duration prediction without updates, but
other factors also have something to do with the prediction. It can be
clearly seen in Table 7, a classification of roads, c peak hour or not, d
lane location and g accident type have prominent contributions in the
model while weather condition almost has no impact. When it comes to
the sequential prediction, newly added variables will dominate the
prediction instead.

6. Conclusion

Emerging crowdsourcing data provides a new source for the analysis
of traffic accidents, and data fusion with real-time traffic condition
information derived from floating car data provides a basis for this

Table 3
Results of predicting congestion duration.

RF SVM NN

MAPE (%) RMSE
(min)

MAPE (%) RMSE
(min)

MAPE (%) RMSE
(min)

Type 4 Tto3 13.43 21.06 48.77 33.53 3.10 8.09
Tto2 32.78 34.06 33.04 34.74 17.40 10.86
Tto1 30.51 30.59 30.29 30.93 13.59 10.04

Type 3 Tto2 39.82 25.26 39.27 25.56 42.86 14.85
Tto1 27.95 21.41 27.48 20.97 21.35 13.42

Type 2 Tto1 39.22 24.08 36.44 24.23 53.80 15.68

Table 4
Results of predicting congestion duration with updating information.

RF SVM NN

MAPE (%) RMSE
(min)

MAPE (%) RMSE
(min)

MAPE (%) RMSE
(min)

Type 4 Tto2 7.62 9.55 11.60 13.26 9.33 7.62
Tto1 3.05 5.50 8.74 12.79 5.59 6.05

Type 3 Tto1 5.43 8.51 6.42 10.62 8.70 7.39

Table 5
Predicting assessment criteria.

Absolute difference (min) Assessment

≤10 Highly accurate predicting
10–20 Good predicting
20–30 Reasonable predicting
> 30 Inaccurate predicting

Fig. 6. Absolute difference assessment

Table 6
Performance comparison with previous study.

Literature MAPE range

Wei and Lee (2007) 35–45%
Pereira et al. (2013) 40–100%
Li et al. (2015) 45.4–185.7%
Ghosh et al. (2018) 20–100.9%
Fu et al. (2019) 37.16–96.38%
Our work 5.5–53.8%

Table 7
Top 5 feature importance of different RF models.

Random forest
model

Feature 1 Feature 2 Feature 3 Feature 4 Feature 5

Type 4 – N4 h4 0.6733 h3 0.1500 c3 0.0235 b2 0.0182 d2 0.0147
Type 4 – N3 h3 0.5163 h4 0.2253 c3 0.1049 b2 0.0311 d2 0.0147
Type 4 – N2 h2 0.3777 h3 0.2823 h4 0.1764 a6 0.0433 a5 0.0237
Type 4 – Tto3 h4 0.1269 c3 0.1059 d3 0.1035 g2 0.0926 a7 0.0815
Type 4 - Tto2 a7 0.1014 h3 0.0971 g2 0.0967 c3 0.0846 g3 0.0775
Type 4 – Tto2 –

with updates
Tto3 0.2906 a7 0.0730 a6 0.0643 c3 0.0582 c2 0.0497

Type 4 – Tto1 h4 0.2492 a8 0.1593 a7 0.1391 c2 0.0913 h3 0.0646
Type 4 – Tto1 –

with updates
Tto2 0.8939 Tto3 0.0902 c3 0.0135 a7 0.0024

Type 3 – Tto2 c3 0.1263 g3 0.0906 d2 0.0869 g2 0.0866 h3 0.0778
Type 3 – Tto1 h3 0.1181 h2 0.1047 g3 0.0968 c3 0.0951 b2 0.0767
Type 3 – Tto1 –

with updates
Tto2 0.3613 d3 0.0779 a7 0.0615 c3 0.0524 g3 0.0497

Type 2 – Tto1 d3 0.1034 c3 0.1012 g2 0.0865 d2 0.0779 g3 0.0759
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work; this paper applies the machine learning method to predict the
duration of different traffic condition states after traffic accidents and
considers the updating effect by adding newly acquired data to the
prediction. On a real-time basis, it ultimately aims to depict the evo-
lution of surrounding traffic conditions after the occurrence of a traffic
accident. On an offline basis, it can be used to assess the robustness of
transportation system when traffic accidents happen. Specifically, we
first extract UGCD from navigation APPs provided by the users. After
filtering and calibrating UGCD into a set of traffic accidents, we can
consecutively generate the features for every accident. Based on the
geographical information of the accidents, we map each accident to the
corresponding traffic flow data with the same spatiotemporal feature
which can also be obtained from navigation apps. Additional related
information can also be extracted in order to explore other factors that
might affect TAPI. Preprocessing steps such as screening of raw data,
selection of independent variables, definition of dependent variables,
etc. are carried out to describe accident information and congestion.
Using the congestion delay index, which is commonly used in current
traffic guidance systems, the TAPI is divided into four levels: severely
congested, congested, slow moving and uncongested. Based on the
occurrence of each traffic condition level, the accident can be divided
into four types. Predicting the recovering duration of each level for
every type of accident can give an overall description of the persistence
of congestion. RF, SVM and NN algorithms are applied to model and
predict the congestion state and duration. NN model has a better per-
formance in most cases, especially when considering the absolute dif-
ference between predicting duration and actual duration Moreover, the
precision can become significantly improved over time with updated
information involved regardless of the exact algorithm that is em-
bedded. This result has great reference value for the prediction of real-
time traffic conditions, for it can effectively guide the traffic partici-
pants to avoid relevant congestion sections.

There are several limitations in this study, which can be improved in
the future: (1) the model in this study only considers a small subset of
factors that may impact TAPI and thus has a limited degree of accuracy.
The accident information recorded by crowdsourcing data is not as
comprehensive as data obtained by traditional methods. For example,
the specific types of accidents, the number of lanes and vehicles in-
volved, which may affect the congestion time, are not normally re-
corded in a crowdsourcing dataset. In the future, it is possible to con-
sider increasing the information of the network reporting system so that
the state of the accident can be more accurately described. (2) Due to
the large differences in traffic conditions at different times in different
regions, models made by using a certain data sample are not applicable
to all road conditions. Portability of the enhanced model can be con-
sidered in the future. From this study, we can see the feasibility of using
crowdsourcing data to predict congestion caused by traffic accidents.
With further development and enrichment in the future, crowdsourcing
data can provide more accurate support for post-accident congestion
prediction by integrating data from diverse sources.
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