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Abstract— Traffic incidents often lead to the closure of lanes,
causing a reduction in road capacity. To handle such situations,
Intelligent Transport Systems (ITS) are commonly employed
to maximize the utilization of the remaining capacity. By
leveraging data mining and deep learning techniques, our objec-
tive is to anticipate congestion patterns during such incidents
and develop a real-time guidance system to aid drivers. To
accomplish this, we build a Long Short-Term Memory neural
network-based prediction model which incorporates up-to-date
traffic speed-flow data and a range of spatiotemporal features as
inputs and predicts the queue length of the incidents. Moreover,
the model continuously predicts the queue length throughout
the duration of the incidents, capturing the temporal dynamics
of the situation. Initially, our proposed model exhibits an
average error of 52.54%, which improves to 18.5% over the
course of one hour of prediction.

I. INTRODUCTION

The occurrence of traffic incidents is on the rise in
urban areas worldwide. To mitigate the consequences of
these incidents, Intelligent Transportation Systems (ITS) are
increasingly employed for various purposes, such as predict-
ing incident duration, modeling, and congestion avoidance.
These systems gather real-time traffic data from multiple
sources, providing drivers with timely information about the
state of the road network [1]. In our research, we integrate
the geographical and spatio-temporal features with historical
traffic data to forecast the queue length, representing the ex-
tent of congestion. This predictive capability enables drivers
to make informed route choices. Additionally, our model
incorporates multi-step prediction to account for evolving
future traffic conditions. We also delve into existing studies
concerning incident impact prediction in different cities,
identifying research gaps that we seek to address in our work.

The prediction of the impact of incidents has been an
active research area in the field of transportation in the
last two decades [1]. In the past, several studies explored
the simulation-based theoretical model-driven approach for
analyzing the impact of the incidents which are built on a
prior knowledge of the traffic dynamics instead of dealing
with historical or real-time traffic data [2].

Another approach for congestion prediction is based on
machine learning techniques. These techniques have been
widely used in recent years due to their ability to handle
large amounts of data and learn complex patterns. However,
there are certain shortcomings of the data-driven studies as
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well. For example, Miller et al.’s analysis focused solely
on a single upstream-downstream link pair near the incident
location, potentially overlooking the complete propagation
of congestion [3]. In real-life situations, congestion can
expand beyond a single upstream link. Moreover, a number
of studies analyzed one of the three traffic parameters,
i.e., speed, flow or density in their analysis. For example,
Previous studies conducted by Shahabi et al. and Lin et
al. solely examined traffic speed data to predict accident
impacts [4] [5]. However, incorporating multiple traffic vari-
ables allows us to mitigate false alarms caused by sensor
noise. In order to strengthen the robustness of our approach
to outliers, we take into account both the recorded traffic
flow and speed measurements from the sensors to estimate
and predict the queue length. Besides, while performing the
prediction of incident duration in multiple phases, Shang
et al. did not incorporate the real-time traffic data in their
analysis [6]. However, predicting the temporal dynamicity of
the incidents’ impact is challenging without up-to-date traffic
data because the extent of congestion at any given moment is
influenced by the instantaneous traffic conditions on the road.
Therefore, we perform a dynamic prediction of the impact
of the incidents using the online streaming traffic speed and
flow data in our analysis.

With the advent of deep learning architectures, numerous
studies have been conducted focusing on the utilization of
deep neural networks to capture the spatiotemporal dynamics
of the road networks for various purposes, such as traffic
prediction [7] or detection of incidents [8]. For example,
Ren et al. developed an LSTM network to predict citywide
accident risk [9]. However, their model makes predictions at
a coarser level because their data-set has lower spatial and
temporal resolution. In that study, the temporal resolution
is 1 hour, whereas our data is recorded at 5-min intervals.
Similarly, the spatial resolution in their research is 1000
meters compared to our finer resolution of 100 meters. In
other recent works related to congestion detection, Ali et
al. built a bi-LSTM model based on the data collected
from social networking sites for accident detection and
condition analysis [8], whereas Sun et al. built a CNN model
to detect the non-recurrent congestion caused by different
scenarios [10]. Nevertheless, these studies did not specifically
address incidents-induced congestion.

Apart from that, some studies have also explored the use of
hybrid networks for traffic congestion prediction [11] [12].
In these studies, the extent of congestion is categorized in
different levels and classification is performed to predict the
congestion level at different grids of the roads. However, the



results have only been reported for short-term prediction.
Also, the models did not incorporate external features or
spatio-temporal features in their models.

In the following, we highlight the main contributions of
our study:

1) We opt for a rigorous data-driven approach to estimate
the length of congestion during the incidents based on
their spatio-temporal impact on the traffic parameters
(speed and flow) of neighboring upstream links.

2) By feeding the LSTM network with a comprehensive
feature set that includes up-to-date traffic data as well
as incidents’ features, we aim to perform the post-
impact prediction of traffic incidents. This approach
factors in the present traffic condition and the daily
average traffic state, facilitating more accurate fore-
casting and management of congestion.

3) Since the historical traffic data used in our work gets
updated at every 5 minutes, our proposed prediction
model forecasts the queue length dynamically till the
incident ends. To this end, We construct a single
LSTM network that can handle inputs with different
numbers of time-steps during the training phase, and
subsequently use this model for predicting the queue
length at various time instants.

The remainder of this paper is organized as follows. In the
following section, we provide a detailed description of our
data-set. Section III explains the steps for determining the
queue lengths at different instants for the incidents obtained
from historical data. These queue lengths serve as the target
variables during the prediction. In Section IV, we provide a
detailed description of our queue length prediction model
and demonstrate the experimental setup for this model.
In Section V, we provide a comparative analysis of the
prediction errors obtained by different methods. Next, we
evaluate the prediction performance of the model using the
LSTM network for different classes of incidents in Section
VI. Finally, in Section VII we offer concluding remarks.

II. DESCRIPTION OF THE DATA

For this study, the data-set utilized comprises traffic speed
and flow data collected between August 2016 and January
2017, with a temporal resolution of 5 minutes. Traffic
flow is defined as the number of vehicles passing through
a specific point per unit time. In Singapore, traffic flow
data is gathered by sensors positioned at the end of each
road segment. Consequently, the recorded readings indicate
the total number of vehicles exiting the road link at 5-
minute intervals, measured in vehicles per hour. Meanwhile,
traffic speed denotes the average speed of vehicles passing
through a specific point, measured in kilometers per hour.
The expressways in Singapore generally have speed limit of
100 km/h. The speed values are recorded by the sensors in
terms of ten discrete speed bands, each spanning 10 km/h.
Thus, the recorded speed values range from a minimum of
0 to a maximum of 10.

Apart from that, the data-set comprises the details of
15,000 incidents that occurred on the expressways of Sin-

gapore. The incidents recorded over the span of those six
months have the following features: (1) the incident ID,
which is a unique serial number, (2) the coordinates and the
upstream link IDs of the incident location, (3) the expressway
and direction where the incident occurred, (4) the incident’s
start and end time, (5) information regarding the closure of
adjacent shoulder lane and main carriageway lanes, and (6)
the type of incident (vehicle breakdown, accident, etc.). The
categorical features within our feature set are transformed
into binary values using the one-hot assignment method,
while the numerical features are converted from decimal
numbers to binary representation. Additionally, the data
includes an extra feature called "queue length,” which reports
the maximum length of congestion observed by the Land
Transport Authority (LTA) during these incidents. However,
as congestion length varies over time, a more rigorous
approach is necessary to measure the queue length accurately
for individual incidents. Therefore, the queue length is only
available for 1,209 incidents in our data-set.

III. QUEUE LENGTH ESTIMATION USING TRAFFIC DATA

There is no standardized definition for the queue length
of incidents. In our analysis, we define the incident queue
length or congestion length as the distance along the road
where delays occur due to the incident. Consequently, we
consider a link or road segment impacted by an incident if the
average vehicle speed significantly decreases compared to the
free flow speed, and there is a sudden decline in traffic flow
following the incident. In this section, we elaborate on our
presumptions regarding the traffic data and establish criteria
for identifying congested links. Using these assumptions, we
calculate the queue lengths during incidents.

Step 1: We first explain the experimental set-up to figure
out how long the congestion has spread during the incidents.

We begin with the initial assumption that an incident is
reported to take place at link ¢ for a duration of Trep siart —
Tiep.end- The length of individual link ¢ varies in the range
of 20 — 200 meters. Given that the traffic data is recorded
at 5-minute intervals, we compute the queue length every 5
minute. Hence, we estimate the nearest multiple of 5 as the
approximate start and end time of the incident, which can
be expressed by:

Tl‘e,sa Tl‘e,en
toz{ %‘“Jm,u:{ gﬂ*a (1)

Next, we need to establish the upper limit for the number of
upstream links to be considered when calculating the queue
lengths. To ensure comprehensive analysis and prevent any
loss of data, we investigate all the upstream links starting
from the incident location and extending all the way to
the farthest point on the expressway to determine if they
experienced congestion or not.

Step 2: As traffic incidents are not a regular occurrence
unlike the typical congestion experienced during peak hours,
we analyze the traffic data recorded at each specific link on
the incident day and compare it with the data from non-
incident days. This allows us to comprehend the impact of
the incidents in the traffic.




We use the notation ¢, to represent the consecutive
upstream links of ¢, where « € {1,2,3,...}. The time
instants are denoted as ¢, at 5-minute intervals, where y €
{0,1,2,...,T}. From the traffic data-set, we extract the traffic
speed Vine(lz,ty) and flow value Fiyc(¢z,t,) for each time
instant ¢, on the day of the incident at link ¢,. Moreover,
the average speed and flow value of non-incident days are
denoted as Viyg (€, t,) and Fuye (s, t,), respectively. These
values are computed using the traffic data from the same day
but from different weeks when no incidents occurred.
Therefore, the flow deviation is defined by:

(F‘inc(gm; ty) - Favg(gza ty))

d = 2
F(lyty) Fug(lit,) ) (2
and the difference in speed can be expressed as:
Vine(Us ty) — Vaye (s t
By(pap = el 2 Vol g

Vave (€z, ty)

Thus, we compute the values of dy (s, ¢,) and dr, t,)
for individual link ¢, at each time instant ¢,, where z €
{1,2,3,...} and y € {0,1,2,..., T —1,T}.

Step 3: Our next objective is to determine whether the
individual links were congested or not at a specific time
due to the incident, based on their speed-flow profiles. We
assume that if the link /¢, is congested, there will be a
sudden and substantial decrease in both traffic speed and
flow, indicating the onset of congestion in that particular
link. Considering the inherent randomness of traffic data,
the drop in values must be significant to ensure that it is not
merely a result of data randomness, rather a consequence of
the incident itself. To achieve this, we introduce the Queue
Length Estimation (QLE) Algorithm (Algorithm 1), which
outlines our definition of congestion for a given link at a
particular instant. The cutoffs Py, and Pj(, in Algorithm 1
are selected by trial and error method. We compute the
correlation coefficient of the reported and estimated queue-
lengths for different cutoffs. We plot the values of the
coefficients with different cutoff values in Fig. 1 and choose
the best one as the optimum cutoff (10" percentile).
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Fig. 1: Variation of correlation coefficient of the reported and
estimated queue-lengths for different cutoff values.

Further details of Algorithm 1 are explained in [13].
Step 4: In the final step, we calculate the queue length
at each time instant. Following the previous steps, we can

identify the congested links at each instant ¢,. By summing
up the lengths of these congested links, we determine the
queue length at each time instant ¢,,.

Thus, we calculate the queue length or congestion length at
a 5-minute intervals throughout the entire duration of the
incidents.

Algorithm 1 Queue Length Estimation (QLE) Algorithm

INPUT: 1) Speed and flow values V' ({;,t,) and F(¢,,t,)
for each link ¢, at every instant ¢,, 2) the length of the links
Uy

OUTPUT: Queue length Q(t,) at each instant ¢,,.

1: for each link ¢, do

2 fory =1: T —1do

3 Compute Av(ém»ty) = dV(Zz,terl) o dV(ém,ty,l)
4: Compute AF(emyty) = dF(émyty+l) — dF(Zl,ty)

5 end for

6 My, < min(AV(@I’t), 1) > where min(E,i)

represents the ™ smallest element of E.

7: M2y (4,) — min(AV(Zm)t), 2)
8 M1, < Mn(Ape, q,1)
: M2,y < Min(Ap, 1),2)
10: if m1,,,., <0and my,, <O then
11: fory =1:T do
12: if AV(€w7ty) =My, then
13: tminv(zz) iy
14: end if
15: if AF(Zm,ty) = Mg, then
16: tminF(gE) < ty
17: end if
18: end for
19: Tstart (Em) — min(tminv(zw) ) tmiﬂp(gw))
20: if t, > Tya(¢z) and dv,t,) > 0 and
dF(éz,ty) > 0 then
21: Tena(by) =ty
22: end if
23: Compute dy(¢,) = M2y, — Miy,,
24: Compute dp(r,) = Map, ) — Mg,
25: end if
26: end for

27: Pyg, < PCTL1g%(dv)

28: PlOp — PCTLlO%((SF)

29: for each link ¢, do

30: if (5\/(@30) > Pyo, and 5F(2m) > Py, then

31: fory =1:T do

32: if ¢, > Tar and ¢, < Tipg then
33: Q(ty) < Q(ty) + Ly

34: end if

35: end for

36: end if

37: end for

IV. PREDICTION METHODS AND MODEL DEVELOPMENT

In this section, we present a comprehensive analysis of
our predictive model which dynamically forecasts the queue



length at intervals of 10 minutes from the beginning of the
incidents. We explain the experimental setup and discuss how
the inputs are fed to the LSTM model. Later, we mention
the evaluation metric which we choose for reporting the
prediction errors.

A. Experimental Setup

In this subsection, we first present the model architecture
employing the LSTM network in Fig. 2. Our feature set

Temporal Inputs (Time-steps, 32)

LSTM Layer 1 (256)

LSTM Layer 2 (128)

Static Inputs (39)

Dropout 1 (0.4)
‘ Temporal

l Static

Dense Layer 1 (200)

Dropout 2 (0.2)

Dense Layer 2 (50)
Dropout 3 (0.1)

Dense Layer 3 (5)

Dense Layer 4 (1)

Fig. 2: The schematic diagram illustrating the LSTM network
architecture in our proposed model.

comprises two types of features, static (expressway, direc-
tion, etc.) and temporal (speed, flow, etc.). Given the LSTM
network’s inherent ability to learn the temporal patterns in
the data-set, we feed the LSTM layers with the time-varying
inputs only, as can be seen in Fig. 2. In contrast, we feed
the static features directly into the dense layers which are
fully connected layers. The LSTM network’s hidden layers
consist of two LSTM layers followed by four dense layers
in sequence. The output generated by the final LSTM layer
is combined with the static inputs and fed into the first
dense layer. The final dense layer serves as the output layer,
providing the predicted queue length. To prevent overfitting,
we introduce three dropout layers at different stages with
dropout rates of 40%, 20%, and 10%, respectively. The first
dropout layer is in between the last LSTM and the first dense
layer, while the remaining two dropout layers are added
between the fully connected layers. Rectified Linear Units
(RELU) is employed as the activation function for the dense
layers.

Next, we illustrate how we combine the input features
to train the prediction model. The LSTM layers require a
three-dimensional input structure, as depicted in Fig. 3. The
dimensions are as follows: 1) Samples - This refers to the
number of samples in each batch, which can vary across
batches. In our work, each individual incident represents a
sample within a batch. 2) Time-Steps - Time-steps indicate
the number of previous time instants considered for each
sample within a batch. The time-steps should be consistent
for samples within a single batch. However, it is not neces-
sary to impose this constraint across different batches. Given

1st Dimension: No. of

samples (varies from

one batch to another)
——

2nd Dimension:
Previous time-steps
(varies from one &
batch to another)

Fig. 3: Description of the three dimensions of the input fed
into the LSTM network.

that our traffic data has a resolution of 5 minutes and we
forecast the queue length at 10-minute intervals, we can take
into account 2 previous time steps since the beginning of
the incidents for a 10-minute prediction (0 min and 5 min).
In the similar way, we can utilize the traffic data from 4
previous time-steps for 20-minute prediction (0 min, 5 min,
10 min, and 15 min), and so on. 3) Features - The time-
dependent attributes are referred to as features. The number
of features must be consistent across all samples in all
batches. In our work, we generate a feature set of size 32 by
analyzing various combinations of speed-flow data from the
neighboring links. We refer to the notations and definitions
described in Section III for explaining these features. For
each upstream link ¢, at each time-instant t,, we consider
the traffic speed Vine (s, ty), traffic flow Fiy(¢s,t,), speed-
difference dv( ¢,.t,)> and flow-difference dp(gmty) of the day
of the incident. Furthermore, as the number of upstream
neighboring links varies for each incident while the number
of features should remain constant, we adopt a different
approach. Instead of treating each upstream link as a separate
feature, we combine the upstream links in a weighted manner
to construct the features. For instance, the feature associated
with the traffic speed values can be expressed as follows:

Froe = > we, Vine(Las 1), )

where wy, is the weight of the upstream link ¢;. To ensure
that the weights are inversely proportional to the distance
between the incident location and the upstream links, we
select two inverse-distance weighting functions as follows:

1

- 5
W = Gist(l, 6)P ©)
and
wy :efq.dist(é,fm)’ (6)
where p €  {0.05,0.1,0.2,0.4,0.8}, and ¢ €

{0.02,0.05,0.08}. Therefore, we create eight features
for each attribute, considering different weightage to the
upstream links based on five values of p and three values
of q. Considering the four attributes we have (V,c(s,1y),
Fine(ls,ty), dvie,.t,)» and dpe, ) at each time-step,
we obtain a total of 32 features for each sample. The



spatiotemporal features are reshaped as a three-dimensional
tensor, where we incorporate the temporal variation in the
second dimension (time-steps) and the spatial variation in
the third dimension. This approach enables us to provide
the LSTM layers with distinct batches of three-dimensional
input data, where each batch corresponds to different elapsed
time. As time elapses, the second dimension (representing
previous time instants) expands, while the size of the first
dimension (representing the sample size) diminishes as
predictions are no longer performed for incidents that have
already concluded. Consequently, the first two dimensions
differ among various batches. We train the same network
using inputs at different time-steps. Table I lists the
hyper-parameters employed during the training phase.

TABLE I: The hyper-parameters utilized during the training
phase of LSTM and GRU networks.

Parameter Value

Optimizer ‘adam’

Batch size 150
Activation function ‘relu’

Loss function
Learning rate
Training epochs

mean squared error
optimized on training set
optimized on training set

B. Evaluation Metric

To evaluate the performance of our prediction model, we
select the Mean Absolute Percentage Error (MAPE) value
as the error metric, which can be defined by the following
equation:

Qi — Qi

Qi

N
MAPE = 100

D , )
=1

where the actual and predicted queue lengths are @); and Qi
respectively, and N is the number of incidents.

V. PERFORMANCE EVALUATION OF DIFFERENT
REGRESSION METHODS

In this section, we compare the performance of the queue
length prediction model for the LSTM network with tradi-
tional methods, like Treebagger [14], Multi-Layer Perceptron
(MLP) [15], and Support Vector Regression (SVR) [16] and
another deep learning framework named Gated Recurrent
Unit (GRU) [17]. We follow the approach of cluster-specific
modeling for the traditional methods as explained in one of
our previous works [18]. We employ nested cross-validation
for model selection and hyper-parameter optimization. We
opt for 3-fold CV in the outer loop (train-test split) and 10-
fold CV in the inner loop (hyper-parameter optimization).
On the other hand, to construct the GRU network, we substi-
tute the LSTM layers with GRU layers. One key difference
between the traditional methods and LSTM/GRU networks is
the input configuration. In the former, all features are collec-
tively provided as input to the model, whereas deep learning
networks handle temporal and static features separately in
two distinct stages. All experiments are conducted on a PC
with the following specifications: CPU- Intel(R) Core(TM)

i7-4770 CPU @3.40 GHz, and 8§ GB RAM. We build our
deep learning architectures using Keras framework [19] with
Tensorflow backend [20].

We calculate the average MAPE values for all incidents at
10-minute intervals using the above-mentioned methods and
enlist them in Table II. We observe that among the traditional

TABLE II: Variation of MAPE values (in percentage) at-
tained by different regression methods over time.

Methods |10 min|20 min|30 min |40 min |50 min|60 min|80 min|100 min|120 min
Treebagger| 98.2 | 9245 | 879 83.1 | 7726 | 69.9 | 73.14 78 85.28
MLP 84.6 | 79.13 | 739 67 61.3 | 56.75 | 60.8 63.5 71.67
SVR 96.13 90 83.87 | 78.14 | 71.52 | 65.66 | 69.37 | 75.88 83.27
LSTM 52.54 | 424 34.1 26.7 25.9 18.5 20.9 25.7 29.03
GRU 60.7 | 54.57 | 472 | 39.51 | 323 | 2658 | 273 32.65 40.2

machine learning methods SVR performs the best. However,
the deep learning methods LSTM and GRU outperform the
traditional methods significantly. Moreover, on an average
LSTM exhibits slightly better performance compared to GRU
because the simpler network structure of GRU results in a
lower number of trainable parameters. Overall, we observe
a non-monotonic variation of MAPE values with time for
all methods. By incorporating additional features related to
traffic flow and speed data over time, we observe a sub-
stantial improvement in prediction error. However, as time
progresses, many incidents get cleared resulting in a much
smaller number of samples, especially after 60 minutes.
Consequently, the training data size becomes small, leading
to a declining prediction accuracy.

VI. PREDICTION PERFORMANCE FOR DIFFERENT
CATEGORIES OF INCIDENTS

In this section, we study the variation of MAPE values
with the duration of incidents. For this purpose, the incidents
are classified into various categories depending on their
durations, such as the first class comprises incidents with
durations in the range of 11 to 20 minutes, the second class
includes incidents that lasted for 21 to 30 minutes, and so
on. Subsequently, we assess the performance of our proposed
model by comparing the error values obtained for different
incident classes, as shown in Table III. The rows in the
table correspond to the incident classes, while the columns
represent the elapsed time. The MAPE values are enlisted
for individual categories separately at 10-minute intervals.
Table III indicates that the error values are relatively high

TABLE III: Variation of MAPE values (in percentage) gener-
ated by the LSTM network for different classes of incidents,
categorized by their duration.

10 min |20 min |30 min |40 min |50 min |60 min|80 min|100 min | 120 min

11-20 min | 67.17 - - - - -

21-30 min | 63.45 | 54.1 - - - - - - -
31-40 min | 59.5 502 | 41.6 - - - - - -
41-50 min | 53.3 47.8 | 39.15 | 345 - - - - -
51-60 min | 51.75 | 44.32 | 37.8 336 | 369 - - - -
61-80 min 48 4045 | 33.36 | 29.06 | 25.26 | 28.37 - - -
81-100 min | 45.69 | 37.3 29.5 | 2532 | 224 16 23.6 - -
101-120 min| 424 | 35.07 | 28.6 | 21.56 | 18.97 | 14.7 | 20.99

Rest 375 322 24.8 194 | 1536 | 11.3 | 15.67 21.8 29.03

28.87 -




(above 55%) for the first three categories which correspond
to shorter duration incidents. For the remaining incidents,
the initial errors fall within the range of 35% — 55%,
which gradually improve to 15% — 35% as the prediction
progresses. Thus, we observe a significant improvement in
error values, especially for incidents with durations longer
than 40 minutes. The improved performance can be attributed
to the utilization of a larger set of features extracted from the
up-to-date traffic data, enabling the LSTM network to make
more accurate predictions as time passes.

Moreover, at the onset of prediction, we notice higher
errors for the first few categories of incidents, despite all
classes having the same number of features at a given instant.
This discrepancy arises because these incidents have an
impact that lasts approximately half an hour, encompassing
the propagation and dissipation of the congestion. From the
perspective of queuing theory, if we consider the queue’s
formation and dissipation as a birth-death process, the model
needs to learn the entire process within such a short time-
frame. However, due to the distinct dynamics of the birth
process and the death process, the model struggles to forecast
the queue length accurately for incidents of shorter duration.
Conversely, for incidents lasting longer than 40 minutes,
there is sufficient time available for the model to learn the
birth and death processes individually, which results in a
significant improvement in error values for these incident
classes. Nevertheless, in each category, we notice a non-
monotonic variation in error during the transition from the
birth to death process. For instance, the MAPE value in the
fifth class (51 — 60 minute) initially improves from 51.75%
to 33.6%, but experiences an unexpected increase after the
40" minute. This can be attributed to most incidents in this
category, where the queue develops for roughly 40 min,
reaching the maximum spread, and then subsequently dissi-
pates. Similarly, in the seventh class (81 — 100 minute) also,
the error becomes smaller till the 40" minute, followed by
the onset of the death process for the queue. Furthermore, for
the last two classes, the number of samples is relatively low,
resulting in a degradation of the LSTM model’s performance
towards the end of the prediction.

VII. CONCLUSION

This study introduces a dynamic model for predicting the
queue length of non-recurring road incidents on Singapore’s
expressways. Our approach involves two key steps. Firstly,
we analyze the traffic data to estimate the queue length at
different instants until the end of the incidents. Subsequently,
we construct a Long Short-Term Memory network, trained on
historical data, to predict the incidents’ queue lengths. The
model continuously updates its predictions throughout the
duration of the incidents. Our model demonstrates significant
improvements in prediction accuracy for medium-duration
incidents (31-80 minutes), reducing errors from 45% — 60%
to 25% — 40%. For the longer-duration incidents, the pre-
diction performance improves from around 40% to 15%.
Overall, the model performs better for the incidents lasting
over 30 minutes. However, as deep learning networks require

substantial training data, we intend to gather a larger data-set
for better training of our model.
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