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IDENTIFYING CONGESTION PATTERNS  
WITH STATE SPACE NEURAL NETWORKS 

Hans van LINT1 

Abstract. In this extended abstract we demonstrate that a particular artificial 
neural network (ANN) model for freeway travel time prediction not only provides 
accurate results on both synthetic and real data from inductive loops but also 
provides detailed information on the underlying traffic conditions. We do this by 
introducing a new expression for the relevance of each neuron and input variable 
to the so-called state-space neural network (SSNN) output (predicted travel time) 
and comparing this relevance measure to data (speeds, flows, densities) observed 
on the freeway route for which the SSNN was trained. 

1. Artificial neural networks meet traffic flow models: state-space 
neural networks 

Artificial neural networks (ANNs) are a general class of non-linear parameterized 
regression and classification models [1], which can be used to approximate mappings 
( ) ( )( ),y t G t= u ψ , in which u(t)={…, um(t), …} collected during period [t-1,t) denotes an 

input pattern (e.g. a vector of measurements of detectors along a freeway route), y(t) the 
model output, and ψ a vector containing all adjustable parameters in the model. For the 
freeway travel time prediction problem we propose an ANN model in line with the 
mathematical structure of macroscopic traffic flow models, that is, a discrete state space 
model (DSSM), which has the following general form2 
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1 Delft University of Technology, Faculty of Civil Engineering and Geosciences, Transport & 
Planning, H.vanLint@citg.tudelft.nl, http://www.transport.citg.tudelft.nl  
2 In this case the output function is a scalar, in more general DSSMs the output function is a vector 
y(t). 
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Given an appropriate choice of functions F and G, such as a logistic function: 
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this DSSM is in fact a so-called state space neural network (SSNN), which is schematically 
outlined in Figure 1. The hidden layer signals x(t)={…, xm(t), …}, m∈{1,2,…, M} are 
referred to as the internal states of the SSNN, and considered representative for the 
expected delays on M adjacent sections comprising the freeway route. Characteristic of the 
SSNN is that internal states xm(t) are affected by inputsignals um(t) present on its respective 
freeway stretch only, and by the previous state x(t-1) of all other neurons in the SSNN. 
Using matrix notation the SSNN can now be written as  
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Note that parameter vector ψ=(v0, vx
T, vu

T, w0, wx
T)T is decomposed in parameter 

vectors associated with the SSNN inputs and internal states respectively. In general terms, 
an ANN can be trained (calibrated) in a supervised3 manner to approximate a particular 
input-output mapping, given sufficient and representative data pairs {u(t), o(t)} are 
available, where o(t) denotes the output of the real process (e.g. mean travel time for a 
vehicle starting at  t). In the example below, we use a Bayesian Regularized Levenberg-
Marquardt (BR-LM) training algorithm. Bayesian regularization is a mathematically sound 
way to avoid over fitting and ensure the parameter-set gives rise to a smooth mapping still 
warranted by the data. The BR-LM algorithm achieves this by penalizing too large 
parameters. Details can be found in for example [2]. 

2. Behavior of the SSNN travel time prediction model 

2.1. Predictive performance 
Previous (large-scale) studies [3-5] with real traffic data from inductive loops have revealed 
that the SSNN model is a reliable and accurate travel time predictor on freeway routes. In 
[4] it is argued that “the SSNN based framework outperforms current (instantaneous) travel 
time predictors in The Netherlands by far, and performs equally well or better as some 
state-of-the-art travel time prediction models reported in literature. Moreover, the SSNN is 
robust with respect to missing and unreliable data even when up to 40% of the input data is 
missing or dubbed unreliable”. Table 1 gives a brief summary of how these SSNN results 
compare to some other data driven approaches to travel time prediction.  

 

                                                        
3 Supervised training entails presenting the model with a set of input, output data { } 1( ), ( ) P

tt o t =u  and 
adjusting the model parameters such that the error the model makes on this data set is minimal (e.g. in 
the Least Squares sense) 
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Output layer consists of one neuron,
which calculates the predicted travel time
on route r for vehicles departing >t+1,
based on the internal states. Context layer consists of M neurons, where M

denotes the number hidden layer neurons. It
stores the previous internal states of the SSNN.
It is fully connected to the hidden layer.

Hidden layer (or internal states)consists of M neurons,
where M denotes the number of sections defined on route R.

Inputs each hidden neuron receives inputs (traffic flow and
average speeds) from detectors located on its respective
section. These include detectors on the main carriage way
and (if available) on on and off ramps

trainable connections

fixed connections

 
Figure 1. State-space neural network for freeway travel time prediction 

Model MAPE  remarks on freeway and test dataset 
SSNN [4] 5.4 13 km, 108 afternoon peaks, dual loop data 
Instantaneous Predictor [4] 15.4 Idem 
FNN4 [6] 4.6 10 km, 13 peak periods, dual loop data 
Instantaneous Predictor [6] 10.7 Idem 
Kalman Filter [7] 6.2 27.6 km, 231 days, AVI data 
Modular FNN [7] 8.1 Idem 
Regular FNN [7] 9.0 Idem 
Spectral-bases FNN [7] 7.2 Idem 
FNN [8] 4.9-6.9 10-28 km, 2-3 weeks, travel time data 
Lin. Regr. / Inst. Predictor [9] 6-11 10 km, 20 weekdays, dual loops 
Support-Vector Regression [10] 3.9-4.4 45 km, 5 weeks, dual loops 

Table 1. Comparison of SSNN model with results reported in literature 

 

                                                        
4 Feed-forward Neural Network 
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2.2. Relevance of neurons and inputs 
Aside from accurately mapping the input-output relation, the SSNN model adopts a 
parameter setting after training (calibration) that is closely related to the underlying traffic 
processes. To illustrate this we introduce a heuristic reflecting the relevance of each of its 
parameters and neurons. Put simply, a neuron is considered relevant if its output contributes 
to the SSNN output (predicted travel time), particularly in case of congestion. We propose a  
relevance measure Sm(t) based on the well-known generalized backpropagation learning law 
(for details on backpropagation refer to an ANN textbook such as [1]) as follows 
 ( )( ) ( ) ( ) f

m m m mS t s t x t x= −  (4) 
The clue of the relevance measure in eqn (4) is in subtracting the "free-flow activity" xfm 

from the internal state xm(t). This ensures that xm(t) can only be relevant if it contributes to 
the models' output in case of congested traffic conditions. In eqn (4) the term sm(t) denotes 
the sensitivity (also called delta) of neuron m to the SSNN output and is calculated by 
performing one “backward pass” of the backpropagation learning algorithm. Instead of 
feeding back output errors (model output - observation) in this case just the SSNN output is 
propagated back into the SSNN, which leads to the following expression5: 
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To obtain some preliminary results we use the same synthetic test dataset used in [3] 
obtained with microsimulation-model FOSIM (http://www.fosim.nl). The route coded in 
FOSIM matches a 8 km freeway stretch of the 3-lane A13 South-bound between Rotterdam 
and The Hague in The Netherlands. Figure 2 (top) shows the evolution of the relevance 
heuristic for each of the in this case 13 internal states over time. Figure 2 (bottom) plots the 
vehicle densities over space and time. In the graphs dark areas depict high neuron relevance 
and vehicle densities respectively. From Figure 2 one can observe that 

1. Not all neurons are relevant at all times. Only a subset of neurons (neurons 1,3, 
6,7,8, and 10) are relevant, and these only become relevant in periods when 
congestion affects  the traffic conditions on these sections 

2. The freeway sections associated with relevant neurons match those locations which 
are crucial for the propagation of congestion on the freeway route. Figure 2 reveals 
there are two congested regions, the first upstream around section 3, the second 
wider region between sections 6 and 10.  

Arguably, the rationale of this SSNN internal setting is that it infers delays almost 
exclusively from the states of neurons 6, 8 and 10 which indicate the severity, location and 
duration of the main congested pattern on the route. Since the SSNN has a fully connected 
recurrent layer feeding back past signals from the hidden neurons, it could have easily 
adopted a weight setting that would not correlate to traffic conditions at all. In high 
dimensional parameter space an in principle infinite number of weight configurations might 
be able to reproduce these traffic patterns.   

                                                        
5 Analogously to eqns (4) and (5) elegant expressions can be found for the relevance of all other 
neurons in the SSNN, as well as its inputs. 
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Figure 2. Relevance of internal states compared with traffic densities (simulated data) 

We hypothesize that this very particular weight setting is in the first place due to the 
nature of the travel time prediction problem. From traffic flow theory it is well-known that 
traffic state information (mean speeds, densities) travels along very specific paths through 
space and time. Consequently, given the state space structure of our SSNN model it is 
conceivable there exists also a very particular region in its parameter space that can 
reproduce these traffic patterns most efficiently. Closely related to this, the BR-LM training 
algorithm prevents the SSNN parameter vector from gliding into other regions of parameter 
space that may also be able to reproduce these traffic patterns, but at the cost of much larger 
(less probable) weights. 

3. Conclusions 

In this extended abstract we showed that ANN models can be made more efficient and 
powerful by incorporating mathematical concepts from traffic flow theory. The resulting 
state-space neural network (SSNN) is not only a reliable predictor of freeway travel time 
but also has a mathematical structure and parameter setting that makes sense from a traffic 
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engineering perspective. We illustrated this by introducing a new relevance heuristic with 
which we showed only neurons representing freeway sections on which congestion 
occurred actually contributed to the SSNN output. Yet unpublished results on real data 
from inductive loops show how this relevance measure can be used to further unravel the 
internal workings of the SSNN and that the SSNN behavior observed on synthetic data also 
holds for different real-life freeway routes using real data from inductive loops. 
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