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Abstract 

Accurate and reliable predictions for bus arrival in public transport networks are essential for delivering an attractive service. This 
paper presents a multi-model approach for bus arrival prediction. The approach uses three distinct sub-models in an ensemble 
model. A multi-output, multi-time-step, deep neural network using Convolutional and Long short-term memory (LSTM) layers is 
used for travel time, and more simplistic models are used for dwell time and seasonal components. The method is empirically 
evaluated and compared to other popular approaches. We find that the proposed model saturations outperforms the other methods, 
while in other saturations performs similar. 
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1. Introduction 

Providing relevant and reliable traffic information to passengers has shown to have a high influence on the 
satisfaction with public transportation services (Schweiger, 2003). Studies show that providing real-time traffic 
information at bus stops have a significant dampening effect on the perceived waiting time (Fan et al., 2016). A 
condition is that the information is relevant and reliable, since it may otherwise have a negative effect.  

In rural areas, this can be solved to a large extent with historical averaging or simple regression methods (Altinkaya 
and Zontul, 2013; Williams and Hoel, 2003). The problem becomes much more complex in urban areas where 
congestion, events, road works, weather, etc. highly influence the traffic flow and passenger demand. 
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1.1. Literature review 

In literature, the bus arrival problem is most commonly approached as a combination of travel time prediction 
and dwell time prediction (i.e. when a bus is holding at a stop point). The predicted travel time for each route segment, 
or link, is simply accumulated downstream the route, along with the estimated dwell time at each stop, to yield the 
arrival time predictions of the rest of the journey. 

Early approaches rely purely on historical averaging models (Dailey and Wall, 1999; Sun et al., 2007) for both 
problems, but as these models will only slowly converge to changes in the travel time, this is insufficient with short, 
but highly impacting, fluctuations, e.g. road-works. 

 Kalman-filters, which by their capabilities of maintaining state between predictions, have shown interest from 
several studies (Bai et al., 2015; Shalaby and Farhan, 2004; Yu et al., 2010). Since the Kalman-filters only transfer 
state between the immediate previous and current time-step, we argue that they still have very limited options for 
capturing and forecasting long-distance patterns spanning over several time-steps. The model proposed in this paper, 
using Long short-term memory (LSTM) cells, is capable of capturing such temporal correlations.  

Both the different averaging models and the Kalman-filter models thus still have limited options for capturing 
fluctuations in travel and dwell time in a metropolitan bus system, since they to a large extent is averaging and 
smoothing their response. This is substantiated by (Yu et al., 2011), who finds that support vector machines (SVM) 
outperforms k-NN models, and linear regression models, while both (Lin et al., 2013) and (Kumar et al., 2014) finds 
that fully connected artificial neural networks (FC-ANN) outperforms Kalman-filter models. 

One disadvantageous property of FC-ANN methods are that they are requiring high quantities of quality 
training data, especially when including a large input variable space or having multiple hidden layers. (Vanajakshi 
and Rilett, 2004) finds SVM outperforms FC-ANN approaches when only smaller datasets are available. In order to 
model complex relations both SVM and FC-ANN models indeed become computational challenging. Our proposal 
uses Convolutional filters, which greatly reduces the number of weights that needs to be learned, compared to a FC-
ANN approach, and thus allows for even deeper networks. 

Some researchers recognizes that several routes can benefit from each other’s predictions if they share some 
partial route segments (Bai et al., 2015; Gal et al., 2017; Yu et al., 2011), but in all cases it is a prerequisite that the 
routes indeed has identical links (and thus e.g. identical stop point sequences) in all routes. Furthermore none of these 
approaches consider cross temporal correlations between different route segments. Likewise, (Duan et al., 2016) 
proposes to use a LSTM model for general highway travel time prediction, and do predict multiple time-steps ahead, 
but only for a single link at a time, i.e. cross link (spatial) correlations are lost. In contrast the combination of both 
LSTM cells and Convolutional filters for bus travel time prediction, proposed in this paper, can generalize travel time 
patterns both across temporal and spatial structures. 

2. Research objectives 

The goal of this work is to produce precise short-term predictions (e.g. up to 0-1.5 hours in the future) for bus 
arrival time, specifically for bus traffic in urban areas. The method is empirically evaluated on the first 32 stops of a 
direction of a bus line in Copenhagen. The proposed method is compared to other popular approaches for bus arrival 
travel prediction, including the historical average approach currently used in production by the public transport 
authority for the Greater Copenhagen Area, Movia. 

Busses operate in a myriad of external and partial dependent factors. E.g., traffic congestion, traffic incidents, 
weather, events, etc. Trying to model its entirety in a single model is not feasible and suffers from e.g. data sparsity, 
difference in granularity, and available history for training. 

A central part of this research it model to the bus arrival problem using a multi-model approach, i.e. to break down 
the complexity into smaller sub-models that can be pre-trained and validated independently and afterwards connected 
in an ensemble network model. Thus, the overall goal is also an obtained system, which are practically able to 
computationally scale and capture the complexity of an entire urban transport system. 
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3. Methodological approach 

We approach the bus arrival time prediction problem as a combination of travel time prediction (between stop 
points), and dwell time prediction (i.e. when a bus is holding at a stop point). The predicted travel time for each route 
segment is accumulated downstream the route, along with the estimated dwell time at each stop, to yield the arrival 
time predictions of the rest of the journey. 

The approach of modeling travel time and dwell time separately allows the different sub-models to be trained and 
validated independently with a feasible computational effort. Is also allows the sub-models to work on different input 
data and features, levels of granularity and available history. By breaking down the complexity into smaller sub-
models that can be pre-trained independently and afterwards connected in an ensemble network model, we can still 
capture correlations between the sub-models. The method, also known as ensemble learning (Strobach and Bel, 2015) 
or multi-model ensemble combination (MMEC) is known from e.g. climate research (Rozante et al., 2014; Strobach 
and Bel, 2015), but has only to a limited extent been used for traffic models. Besides modelling travel time and dwell 
time separately, we also model seasonal components in a separate model. 

3.1. Seasonal recurring variability 

Obviously, the observed travel time will be varying due to recurring congestion, i.e. increased traffic in the morning 
and afternoon peak. This is illustrated by Figure 1, which shows three months of travel times aligned weekly, including 
a 90% central uncertainty interval. As evident from the figure, a large portion of the fluctuation in travel time can be 
explained by modelling a seasonal time series of recurring congestion. 

The goal is to capture both daily, weekly, and yearly components, including both stationary and nonstationary 
holidays (e.g. Christmas and Easter respectively). We train a network using only time and calendar features. The 
features include the usual time features as month, day of week, and time of day. Additionally features are added to 
allow the network to distinguish Workdays, Weekends and special periods, e.g. the week of Easter. This also includes 
an indication if the day is a national statutory holiday. Overall trends can be captured by the days since epoch, i.e. 
days since the first day in the training set, January 1, 2016. Table 1 shows an extracts from the generated time and 
calendar features. Before training, the features are normalized and categorical features are encoded using one-hot 
encoding. 

Figure 1: Daily and weekly trend. Accumulated travel times over all 32 links, including 90% uncertainty interval. 
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Table 1: Example of time and calendar features 

 Days since epoch Month Day of month Day of week Time of day Day type Statutory holiday 
2018-03-22 811 days Mar 22 Thu 00:00 Workday No 
2018-03-23 812 days Mar 23 Fri 00:00 Workday No 
2018-03-24 813 days Mar 24 Sat 00:00 Easter No 
2018-03-25 814 days Mar 25 Sun 00:00 Easter No 
2018-03-26 815 days Mar 26 Mon 00:00 Easter No 
2018-03-27 816 days Mar 27 Tue 00:00 Easter No 
2018-03-28 817 days Mar 28 Wed 00:00 Easter No 
2018-03-29 818 days Mar 29 Thu 00:00 Easter Yes 
2018-03-30 819 days Mar 30 Fri 00:00 Easter Yes 
2018-03-31 820 days Mar 31 Sat 00:00 Easter Yes 
2018-04-01 821 days Apr 1 Sun 00:00 Easter Yes 
2018-04-02 822 days Apr 2 Mon 00:00 Easter Yes 
2018-04-03 823 days Apr 3 Tue 00:00 Workday No 
2018-04-04 824 days Apr 4 Wed 00:00 Workday No 
2018-04-05 825 days Apr 5 Thu 00:00 Workday No 
2018-04-06 826 days Apr 6 Fri 00:00 Workday No 
2018-04-07 827 days Apr 7 Sat 00:00 Weekend No 

 
For a time resolution of 15-minute steps, the two years of training data will yield just above 70 K time steps for 

each link. Thus, for the 32 links used in this experiment, the seasonal recurring congestion dataset will consists of 
2.2 M travel times.

We pre-train a small multi-output fully connection (FC) artificial neural network (ANN) of the dataset. The network 
consist only of two hidden layers, each with 512 units, and outputs seasonal travel times for each of the 32 links. We 
use the traditional hyperbolic tangent for activation function, and batch normalization (Ioffe and Szegedy, 2015). 
Since the network is quite small, we can pre-train it with the full two years of training data for all 32 links in only a 
few minutes on commodity computer hardware.

3.2. Link travel time model 

For the link travel time model we use a multi-output, multi-time-step deep neural network. The network is using a 
combination of Convolutional and Long short-term memory (LSTM) layers (Gers et al., 2000). The combination of 
both LSTM cells and Convolutional filters (ConvLSTM) was recently proposed by (Shi et al., 2015) for precipitation 
prediction. The ConvLSTM method has been adapted and applied for bus arrival time problem. The proposed method 
allows the learned patterns to generalize across journey segments and time-steps, e.g. both spatial and temporal 
correlations can be captured with the proposed link travel time model. 

Figure 2 shows the overall topology of the travel time deep neural network, where blue boxes illustrates input-to-
state convolutions and yellow state-to-state convolutions. The network uses an encoder/decoder technique, where the 
encoder-block consists of two ConvLSTM layers. The result is fed into a decoder, or prediction block, also consisting 
of two ConvLSTM layers. The architecture allows unequal input samples (w) and predictions steps (k). E.g., predict 
the next 3 time-steps based on a window size of 32. 
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Table 1: Example of time and calendar features 
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Figure 2 shows the overall topology of the travel time deep neural network, where blue boxes illustrates input-to-
state convolutions and yellow state-to-state convolutions. The network uses an encoder/decoder technique, where the 
encoder-block consists of two ConvLSTM layers. The result is fed into a decoder, or prediction block, also consisting 
of two ConvLSTM layers. The architecture allows unequal input samples (w) and predictions steps (k). E.g., predict 
the next 3 time-steps based on a window size of 32. 
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The important feature of the ConvLSTM cells is their capability to persist state between cells. To allow this 

mechanism the persistence of information is controlled by three gates: input gate, forget gate, and output gate. Each 
gate yields a state variable at time t, respectively ��, ��, and ��. Both the cell output, ��, and the cell state, ��, is 
forwarded to the next time step cf. Equation (1), where ∘ denotes the element-wise product, and ∗ the convolutional 
operator. 

Each ConvLSTM layer require a total of eight convolutional filters for each desired output, i.e. four input-to-
state filters: ��, ��, ��and �� (blue in Figure 2) and four state-to-state filters: ��, ��, ��and �� (yellow in Figure 
2). Additional parameters includes the weight matrices (��, �� and ��) and bias terms (��, ��� �� and ��). 

Even though there might seem more variables to estimate compared to a traditional FC-ANN layer, it is 
important to emphasize that all the convolutional filters are usually quite small compared to the input space. Thus this 
actually reduces the computational complexity by orders of magnitude compared to FC-ANNs capable of learning 
similar patterns. 

3.3. Dwell travel time model 

One would expect a high correlation between travel demand to/from the approaching stop point, and dwell time at 
the stop point. However factors like service type and fare collection methods also contributes to the variability in dwell 
time (Zhang and Teng, 2013). In contrast to real-time AVL systems, that has been widely adapted by public transport 
authorities, real-time demand data is a much rarer commodity. 

Capturing the latent travel demand through real-time available observations, (e.g. headway for boarding demand 
and dwell time at upstream stop points for alighting demand) has not shown reliable results for available data. For the 
dwell time prediction problem, we therefore adapt a more simplistic model. Different univariate models are evaluated 
by (Rashidi and Ranjitkar, 2015), and based on the study we adapt the more dynamic exponential smoothing (ES) 
method. 

 
Figure 2: Convolutional LSTM network topology. 
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3.4. Ensemble model 

In the previous sections, we have presented three sub-models that each addresses part of the bus arrival time 
problem: the seasonal recurring variability, the link travel time, and the dwell time. In order to predict bus arrival 
times predictions of all three models must be combined. The seasonal variability is important for the other models to 
learn the difference from normal, and its information should be made available to the other models. Therefore, we 
combine all three models in an ensemble model.  

This method also allows the different models to have different input-data and/or granularity. For instance, we can 
use two full years of input-data for the seasonal recurring variability model, which is needed to capture the rare yearly 
components. However, for the much more computationally expensive link travel time model using ConvLSTM- 
method, we might only choose to input the last 3 months of data. 

The combined ensemble model is illustrated in Figure 3. Both the predicted lags and leads (i.e. past and future 
predictions) from the seasonal recurring variability model are shared with the two other models. 

 

 

Figure 3: Ensemble model. 

The seasonal recurring variability can easily be pre-trained, as it only consists of time and calendar features. Once the 
models are connected, we can chose to freeze the learned weights to some point, thus ensuring that the pre-training 
will be persisted in the new combined model. But we can also allow for small changes in some parts of the pre-trained 
networks, which could improve the overall performance. This is a tuning parameter, and for now we will simply freeze 
the weights of the pre-trained models. 

4. Results 

For the purpose of evaluation, the proposed method is applied to a dataset from Copenhagen's public transport 
authority, Movia. The dataset consists of 3.5 M travel time observations for the 4A bus line in the period January 2016 
to February 2018. As the line circles Central Copenhagen, it is potentially highly sensitive to congestion to/from the 
city as it intersects with several large corridors along its route. The data points were collected using the real-time 
AVL-system installed in every vehicle servicing the line. We choose only to focus on the first 32 stop points, since 
the line breaks of into different destination patterns after the 32nd stop point. 

The model is trained on the prepared data using a sliding window approach to simulate real-world conditions where 
real-time travel time measurements arrives as a continuously data stream. We use the 2016 and 2017 data for pre-
training the seasonal recurring variability model, and the last 100 days for the link travel time model, and the dwell 
time model. 
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This approach allows capturing especially rare yearly phenomena, e.g. Easter and Christmas, and allows the more 
computationally expensive models (i.e. ConvLSTM) only be trained on a much smaller part of the training set. So 
even that the training set for the ConvLSTM does not include examples of these yearly phenomena, it can still handling 
them due to the information made available through the ensemble model. 

Below we present the results for the travel time part of the combined prediction. The dwell time predictions are 
expected in the near future. We compare the performance of the proposed ConvLSTM model for bus link travel time 
prediction against two different baseline models: 

 Historical average model, similar to the model currently deployed in the Greater Copenhagen Area. 
 Linear regression model, using the same input data as the multi-output model 

 
We predict the bus arrival as the 32nd stop point in the dataset, when the bus starts on the journey. The comparison 

of the travel time prediction methods is shown using root mean square error (RMSE) as performance measure for 
prediction accuracy in minutes.  The results shows that the ConvLSTM model outperforms the other methods. 

For the ensemble model we start the predictions from February 2018, and predicts iteratively 15, 30 and 45 minutes 
into the future, e.g. predicting k = 3 time steps ahead of 15 minutes each. We continue this for 4 weeks of test data 
with a sliding window stride of one week at a time. Table 2 summarizes the results of the proposed method, and the 
two baseline methods. 

Table 2: Link travel time results of proposed and the baseline models. 

Model Time ahead RMSE (minutes) 

Historical Average (Current deployed model) t + 1 (15 min) 6.05 

 t + 2 (30 min)  6.16 

 t + 3 (45 min) 6.28 

Linear Regression t + 1 (15 min) 4.77 

 t + 2 (30 min) 5.14 

 t + 3 (45 min) 5.45 

Multi-model (FC+ConvLSTM)  t + 1 (15 min) 4.38 

 t + 2 (30 min) 4.43 

 t + 3 (45 min) 4.53 

. 
Although the difference in performance might seem small, it is emphasized that evaluation measurement is 

averaging its response, and thus the increased accuracy can be much higher on individual journeys, especially if they 
experience very irregular travel times.  

If we inspect the predictions, we will see instances of predictions from the historical average (e.g. current deployed 
model) and the linear regression, which performs similar with the proposed multi-model method. Either because the 
bus ran accordingly to schedule, or because neither the multi-model method, nor the baseline methods could predict 
accurately. For example, if a traffic incident happens, which impact is limited to a single time step, the ensemble 
model will not currently be able to capture this. 

5. Conclusion 

This paper has presented a complete multi-model deep neural network prediction framework for bus arrival 
time. The most significant part of producing reliable arrival times, i.e. the link travel time prediction, has been 
modelled using Convolutional and Long short-term memory (LSTM) layers. Results shown the presented method 
outperforms other popular and baseline methods in most situations, while it performs similar in situations where the 
current input data for the ensemble model is insufficient, e.g. traffic incidents. 
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5.1. Future work 

For the prediction accuracy to be increased further it is proposed to append additional sub-models to the 
presented ensemble framework. Further research should be invested in the rarer, but highly impacting deviations, e.g. 
traffic incidents, extreme weather conditions, etc. Since data on such event are sparse compared to the, in some cases, 
continues running bus lines, the ensemble approach become much more relevant. For instance, an extreme weather 
sub-model can be pre-trained and validated only on the situations where extreme occurred, as it will be irrelevant in 
all other times. 
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