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Abstract

OD flows provide important information for traffic management and planning. The prediction of dynamic OD matrices gives the
possibility to apply anticipatory traffic management measures. In this paper, we propose an OD prediction approach based on the
data obtained by Automated Number Plate Recognition (ANPR) cameras. The principal component analysis (PCA) is applied to
reduce the dimension of the original OD matrices and to separate the main structure patterns from the noisier components. A state-
space model is established for the main structure patterns and the structure deviations, and is incorporated in the Kalman filter
framework to make predictions. We further propose three K-Nearest Neighbour (K-NN) based long-term pattern recognition
approaches. The proposed approaches are validated with field ANPR data from Changsha city, P.R. China. The results show that
the observed OD flows can be accurately predicted by our proposed approaches. Which prediction method performs best depends
on the quality of the available data: for regular, periodic OD matrices the Kalman filter is better, for irregular OD matrices the
pattern recognition that looks at different time periods in the historical data, gives better results.
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1. Introduction

Traditionally, a dynamic origin-destination was not directly observable from traffic data. Several methods have
been developed to derive origin-destination from traffic counts, historical data and partial actual data, such as origin
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destination patterns from probe vehicles. Antoniou et al. (2016) and Djukic (2014) give an extensive overview of the
methods that have been developed in the past 35 years to estimate origin destination matrices from traffic counts.

New data acquisition methods make it possible to collect information about the origin destination flows in a road
network. Data from mobile phones, probe vehicles (e.g. equipped with GPS devices), Automated Number Plate
Recognition (ANPR) cameras (Antoniou, Ben-Akiva & Koutsopoulos 2004, Rao et al. 2018), Bluetooth scanners
(Barcelo et al. 2010), data from tolling stations and video recordings from high altitude (e.g. drones) give information
to derive dynamic Origin Destination (OD) matrices. For urban areas the methods to obtain dynamic OD matrices are
more limited than for freeway networks. Mobile phone and Bluetooth data are less suitable in urban road networks
(Li et al. 2011) and tolling station are seldomly present in urban areas. Especially ANPR cameras can give very
accurate data about traffic flows through an urban network (Rao et al. 2018).

The step from the observation of the present OD matrix to a future one is methodologically challenging: There is
a certain regularity in traffic patterns, like peak and off-peak flows, but for the prediction of the OD matrix for a short-
term future a more sophisticated method is necessary.

In general, dynamic OD prediction methods can be classified into parametric and non-parametric. Some widely
used parametric methods include random walk models (Cremer & Keller, 1987), which considers only the OD matrix
in the previous time step with a random correction, ARIMA models (Williams & Hoel, 2003), and State-Space Kalman
Filter models (Okutani & Stephanedes, 1984, Zhou & Mahmassani 2007). In these prediction models, several features
such as the average OD demand and the deviation between the OD demand and its historical average are used as state
vectors. Okutani & Stephanedes (1984) applied Kalman filtering to obtain flow predictions from the weighted average
of historical data and actual measurements. This can be applied also for the prediction of origin destination matrices,
on the condition that history repeats itself: if traffic states at a present situation is similar to the traffic state on the
same time period on previous days.

In a more sophisticated way, the relationship among these state vectors can be described linearly by q-order
autoregressive model (Ashok & Ben-Akiva, 2000) or non-linearly by g-order recursive model (Zhou & Mahmassani,
2007).

Non-parameter methods include pattern recognition techniques such as Artificial Neural Networks (Nair, Liu,
Rilett, & Gupta, 2001), K-nearest Neighbor (Clark, 2003, Zhang et al. 2013), Tensor Decomposition (Ren & Xie,
2017) and Bayesian Networks (e.g. Castillo et.al. 2008).

When dealing with large traffic networks, traffic demand prediction is rather computationally intensive. Therefore,
a dimension reduction technique may be required. Principal component analysis (PCA) (Wold et al. 1987, Lakhina et
al. 2004, Djukic 2014, Djukic et al. 2012) and Factor Analysis (FA) (Ma, Zhou & Antoniou, 2018 and Pragash et al.
2017) are widely used dimension reduction techniques. The difference between these two techniques is that the PCA
approach extracts the linear combination of the original variables, while the FA method decomposes the original
variables.

In this paper, we compare methodologies to predict OD demand based on historical observations. In most research
papers it is assumed that the OD matrix can be predicted from historical data, apart from some error (e.g. Pragash et
al. 2017). This so-called error might be due to a systematic deviation between OD matrices at time intervals on
different days, for instance by events that do not occur every day at the same time. In order to deal with this possibility,
we develop a method to identify similar traffic patterns on different times on the day.

We apply the proposed approaches to the ANPR data from Changsha city, P.R. China. The results show that even
with limited history data sets, the proposed approaches can provide rather accurate prediction and have good
transferability as well.

2. Methodology

In this paper we develop a methodology to make prediction of OD demand from traffic observations obtained from
ANPR facilities. The OD matrix is directly observed and no estimation of the matrix from traffic volumes is needed.
The focus of this paper is on prediction where the input is historical OD data. We apply these matrices as historical
data in our prediction approach which is described briefly as follows:

e We use the PCA algorithm to reduce the dimension of the historical and predicted OD matrix and transform the

OD demand into significant structure patterns, deviations from the structure and stochastic patterns;
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e We establish a state-space model for significant structure patterns and structure deviations, and make a prediction
basis from a historical data set using a Kalman filter predictor. In the meantime,
o We further develop K-Nearest Neighbours based pattern recognition methods to identify and predict structure
patterns, and structure deviations.
In other words, we make a prediction under both shorter-term and longer-term, considering both the random trend
as well as the latent pattern, in order to get a better prediction performance, also for the case that the historical
observations are not applicable to the present and the future traffic state.

3. Data acquisition

The traffic data used in this study has been obtained from ANPR cameras in the city of Changsha, the capital of
Hunan province in the P.R. China. Many intersections in Changsha are provided with ANPR cameras. Each camera
can observe one lane and register the number plates of vehicles that pass the stop line of the intersection. The number
plates of taxis can be separated from ordinary vehicles and OD matrices for taxis and other traffic can be separated
(Sbai et al. 2017). The moments of the passing number plates are registered in seconds. The Number plates of three
days were collected for further analysis: 20, 21 and 22 April 2015. From the available ANPR data a selection was
made of 22 intersections.
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Figure 1 The road network of the CBD of Changsha. The intersections with bold numbers have ANPR
4. Prediction models for the OD matrix

4.1. Data reduction

In order to reduce the data of the OD matrix a principal component analysis was executed. That is shown in the
upper right part of Figure 2. First of all, the original OD matrix is centralized by column to derive the average value
for each column and the covariance matrix of the centralized matrix. Secondly, we calculate the eigenvalue and the
eigenvector of the covariance matrix and determine the number of principal component k. We select the first k column
of the eigenvector as the principle components. In this way, we have transformed the high-dimensional OD matrix to
the low-dimensional coordinate. Finally, we can calculate the score of each principal component by multiplying the
centralized OD matrix with k principal components (first k column of the eigenvector).

Each whole OD matrix contains many elements but there are regularities in the data: correlations exist and it is
possible to reduce the whole matrix to a few components that can represent the whole matrix in such a way that the
matrix can be reproduced from a limited number of components. It appeared in our OD matrices that only 3 principal
components were needed to explain 76% of the variation in the OD matrix over the whole day, 9 components explain
85%. In this paper we use 5 components for the prediction procedure, explaining 83%. The temporal behaviour of the
score values of the principal components is rather regular for the first 3 and noisier for the higher components (see
Figure 3).
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Figure 2 The generic flow chart for the prediction procedure
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Figure 3 The magnitude of the first 3 principal components as a function of the time of the day for 20 and 21 April 2015: (a) component 1; (b)

component 2; (¢) component 3

In order to make the temporal behaviour of the first five principal components more regular and eliminate the
irregular outliers, we approximate the principal components by third order polynomials. We divided the total number
of time steps (each time step is Smin) into 6 segments within which a good fit can be obtained between the polynomial
and the historical values of the principal components. The segments are time step 0 to 75 (early period 00:00 to 06:15),
75 — 90 (first part of the morning peak, 06:15 to 07:30), 90 — 155 (second half morning peak and morning off-peak,
07:30 to 12:55), 155 — 220 (off-peak period and early evening peak, 12:55 to 18:20), 220 — 230 (evening peak, 18:20
to 19:10), 230 — 288 (evening period, 19:10 to 24:00). Figure 4 shows the polynomial fit of the scores of the first three

principal components.
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Figure 4 The first 3 Principal Components fitted with polynomials: (a) component 1; (b) component 2; (¢) component 3

4.2. Kalman filter

The first prediction model uses a Kalman filter. The basic assumption is that OD matrices show every day similar
dependencies on the time of the day with some structural deviations. These structural deviations are estimated using
a Kalman filter (e.g. Okutani & Stephanedes, 1984, Zhou & Mahmassani 2007). The prediction procedure is shown
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in Figure 5 where we apply the polynomial fitting approach to the historical data (as reduced by PCA) to derive the

feature pattern for each main component.
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Figure 5 Scheme of the Kalman filtering method
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The random variables w, and v, represent the error in the prediction model and the observation respectively. The
matrix @, relates the future value of the score value to the value in the previous time-step. The matrix H;is the
transformation of the observed OD matrix yr to the scores of the principal components. Using this state-space model
and a Kalman filter predictor (Zhou and Mahmassani 2007, Djukic 2014 Pragash et al. 2017), we made the prediction
for the first component as shown in Figure. It can be seen that the prediction results are quite accurate for the scores
of the first component. Similarly, we apply the proposed approach to the second to the fifth components and combine

them for the final prediction, as described in the next chapter.
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Figure 6 The first component prediction by Kalman Filter predictor

4.3. K-NN prediction models

The models 2 to 4 are developed are based on the method of the K-Nearest Neighbours (Altman 1992): we try to
find patterns in the temporal behaviour in the historic files which are not necessarily at the same time of the day as in
the present OD matrix. The basic idea is that the historical data sets of features are identified. Each member of the set
represents a certain historic OD matrix. We distinguish state vectors, traffic states preceding a certain moment, and
label vectors, states after that moment. In order to better capture the variation trend in the whole historical data set,
both state vectors and label vectors are not exact score values but derived as the difference of the PCA scores between
the current time step and the previous time step. We call these vectors as state trend vectors and label trend vectors,
respectively. In model 2, the simple K-nearest neighbour algorithm finds the state trend vectors that has the shortest
distance to the present traffic state and uses that to predict the next OD matrix. In our calculation the Euclidian distance
is used. The new prediction is made by distance-weighted k label trend vectors corresponding to k selected state trend
vectors. Figure 7(a) illustrates the detailed prediction procedure using model 2.

In order to better capture the trend pattern in the training data sets, we apply the polynomial fitting approach as
described in Model 1 to the state trend vectors and the label trend vectors. The feature residual sets are calculated as
the difference between the original trend vectors (state and label) and the fitted pattern vectors. Figure 7(b) shows the
prediction procedure of Model 3 and 4. The main difference between Model 3 and Model 4 is the prediction of the
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variance of residual (VoR). In model 3, we assume the residual is Gaussian white noise with zero mean, and the
residual vector at time step i+/ is subject to the same distribution as that at the previous time step i. The optimal
estimation of the VoR in the historical training data is derived by applying the polynomial fitting approach. We simply
consider the VoR at the future time step i+/ is the same as that at the previous time step i. While in model 4, we again
apply the K-NN method as described in Model 2 to predict the VoR.

We distinguish two data sets: the ‘feature set’ consisting of d past values of the scores and a ‘label’ data set of D
future values of the scores. It can be compared with the ‘tail’ and the ‘whiskers’. For every time step i, the tail consists
of values of the time periods i-d, i-d+1, ..., i. The ‘whiskers’ are the values of the D time steps after the moment i. In
Figure 8(a) the ‘whiskers’ are shown for 6 time-steps ahead. For 1 time-step ahead the predictions are much more
accurate at all times (Figure 8(b)).

Model 2: K-nearest neighbor prediction
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Figure 8 (a) The prediction of 6 steps ahead for the scores of the first Principal Component; (b) predictions according to the 4 methods for one
particular OD pair (15 minutes time steps).

5. Evaluation

We use three performance metrics, namely, Mean Absolute Error (MAE), Root Mean Square Error (RMSE) and
Mean Absolute Percentage Error (MAPE), to measure the prediction accuracy. As shown in Figure 9 and Table 1,
model 1 gives more accurate prediction results compared with models 3 and 4 for the morning peak, but in the
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afternoon peak, when the traffic pattern is less regular, all K-NN methods perform better. The relatively simple method
2 gives better results than methods 3 and 4.

morning peak-hour (model 2) afternoon peak-hour (model 2)
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Figure 9 Prediction performance of Model 2 in terms of Mean average error (MAE): (a) morning peak-hour; (b) afternoon peak-hour

Table 1 Errors of the estimation of flow 46 in the morning and evening peak (compute by mean average error, root mean squared error and mean
absolute percent error)

OD pair46  Morning peak Evening peak

Model 1 Model 2 Model 3 Model 4 Model 1 Model 2 Model 3 Model 4
MAE 12.17 11.96 19.49 14.01 23.74 18.98 20.81 20.60
RMSE 14.87 13.59 25.92 22.01 30.32 20.22 24.64 21.92
MAPE 5.87 6.84 10.59 8.04 25.61 20.41 22.38 22.12

Due to the different characteristics of the morning and evening peak data, the flow pattern of the morning peak is
more regular, while the pattern of the evening peak on the third day (22 April 2015) is significantly different from the
historical data (20 and 21 April 2015). Therefore, the prediction accuracy of the evening peak is not as good as the
morning peak. Time series decomposition combined with the Kalman filtering prediction method can well explore the
structural time variation of historical data, establish a state transition model based on the historical data trend, and
correct the model with observation. This method has a rather high prediction accuracy under the condition that the
future development trend of the data is not much different from the state transition relationship present in the historical
situation. Otherwise, the prediction for a certain time step will rely heavily on the observation information of the
previous step, so that the result shows a significant one-step lag.

The data-driven pattern recognition method (K-NN models) is in general slightly less accurate than the Kalman
filter model in the case of data showing obvious periodic variation patterns, but it is more adaptable when dealing
with abnormal conditions. By defining the identification object, searching for the historical trend that is close to the
current and predicted matrix according to the subsequent development of the history, the recognition range is not
limited to the historical period, but can jump out of the limitation of periodicity, globally identify the possible trend,
and thus generate a good prediction result.

6. Conclusions

Under normal conditions the OD flow shows a regular pattern over the day. In this situation, the Kalman filtering
method based on the time series analysis theory will give more accurate prediction results. However, for the anomalies
that do not conform to the historical pattern, the prediction accuracy of the Kalman filtering method is significantly
reduced. At this time, the K-NN method based on pattern recognition can respond to the abnormal changes more
quickly, and the recognition area is not limited to the same period of history. It is a global search for similar trends at
other time periods and gives more reliable predictions.

Some considerations for the possible improvement of the methodology are as follows:
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o The current algorithm uses Euclidean distance as an indicator for finding neighbouring states. In the future,
different distance measures can be considered such as e.g. the information measure.

e An anomaly detection module can be added to the prediction method to distinguish the normal mode from the
abnormal condition and use different models for the prediction.

e Using the K-NN method to predict the search process when the amount of data is large may be time consuming,
and the historical state library can be clustered to reduce unnecessary searches.
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