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Abstract - By combining statistical pattern recognition 
techniques and a classic multiple-model vehicle tracking 
framework, the presented algorithm improves the 
performance of fusing GPS outputs and vehicle motion 
data.  The multiple-model tracking framework is used to 
represent vehicle motion as a combination of several 
maneuvers, whilst, pattern recognition techniques are 
proposed to identify the model that corresponds to the 
true vehicle maneuver. This recognition approach does 
not use any filter states, therefore it is robust to errors in 
Kalman filter modeling. To train the classifier, several 
data collection trials were performed to acquire GPS 
outputs and vehicle responses in urban traffic 
conditions.  
This approach is designed for low cost GPS receivers 
and data available in modern passenger cars. Extensive 
experiments were conducted in Paris region in real 
traffic conditions. The performance is benchmarked 
with respect to a ground-truth trajectory generated by a 
high-end GPS-Inertial-Odometer based localization 
system. Promising results were observed and a 
discussion of them is included. 
 
Keywords: GPS, Kalman filter, pattern recognition, 
multiple-model. 
 

1 Introduction 
Fusing GPS with vehicle odometer is widely adopted in 
the automobile industry. Most techniques calculate 
vehicle motion based on wheel speeds and a yaw direction 
gyroscope. However, such a motion model may yield 
considerable errors. Experiments have shown that dead 
reckoning could yield significant errors over long 
distances or a succession of curves, due to slippage and 
un-modeled errors. Further, the performance of GPS 
systems degrades considerably due to signal occlusion and 
multi-path effects [1], when traversing dense urban areas. 
Therefore the combination of their outputs would yield 
errors ， which are difficult to correct unless other 
observations are included. 
This paper is based on a multiple model-based approach 
along the approaches detailed in [2]. It can be described as 
follows: First, vehicles do not move randomly, instead, 
they are usually limited to few maneuvers, e.g. straight 
motion, overtaking the car in front and turning left/right. 
Second, the vehicle state (odometer, steering angle) does 

not only indicate its motion, but the type of maneuver that 
the vehicle is taking. Third, vehicle maneuvers impose 
further constraints in the sensor fusion process.   
The inherent limitation of classic multiple model 
approaches is that, mode weights are calculated by a 
Bayesian process.  The inputs to this process are often the 
normalized innovations of each individual Kalman filter 
(KF).  That is, mode weights are calculated using 
information within the KF estimation loop. Consequently, 
the correctness of mode weighting critically depends on 
the correctness of KF modeling. If this assumption does 
not stand in the first place, for example GPS error is not 
white Gaussian, the weighting strategy of multiple model 
approaches fails.  

 
Fig. 1.  The vehicle maneuver is detected by analyzing the vehicle state 
data read from its CAN bus.  

In this paper, the authors argue that, vehicle’s maneuvers 
could be identified based on information outside the KF 
estimation loop. The patterns of maneuvering could be 
learned from a series of trials with the test vehicle moving 
in actual traffic conditions. The identified patterns can be 
used to recognize the vehicle maneuvers in real-time. We 
introduce an offline statistical pattern recognition 
technique designed to learn the driving patterns. After the 
training process, it can analyze the data and identify the 
corresponding maneuver in real-time. Figure 1 shows a 
block diagram representation of the overall approach.  
This paper is organized as follows. Section 2 provides an 
overview of existing techniques in the localization 
domain. Section 3 describes the principles of the multiple-
model scheme employed in this work. Section 4 includes 
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the approach of training the maneuver detector. Section 5 
presents a context-based hierarchical data collection 
scheme. Finally, experimental results are presented in 
Section 6 to demonstrate the validity of the proposed 
approach 

2 Background 
The fusion of GPS data with motion sensors could be 
classified into two types: ‘loosely coupled’ and ‘tightly 
coupled’ [3] [4]. Loosely coupled methods employ two 
levels of filters. A lower level filter processes the GPS 
signals and outputs three dimensional position (and 
possibly velocity) in the standard GPS Earth Centered 
Earth Fixed (ECEF) reference frame. The second level 
filter uses motion sensor measurements for prediction and 
GPS ECEF outputs for updating. Tightly coupled methods 
fuse GPS pseudo -ranges directly in the update stage of a 
filter. In this paper, we will focus on the loosely coupled 
methods. 
Kalman filter [5] is a classic algorithm for fusing 
information from different sources. In the automobile 
domain, its nonlinear derivative, the Extended Kalman 
Filter (EKF), is often employed as the core in localization 
systems used in car navigation services. A major limit of 
EKF is its Gaussian assumption. All the errors in an EKF 
are assumed to be white Gaussian. However, in most real-
world applications, this assumption hardly stands. Several 
new algorithms have been proposed in the signal 
processing domain to solve this problem, e.g. particle 
filter [7], unscented Kalman filter [6]. These algorithms 
have demonstrated promising results in numerous 
applications. However, due to processing limitations in 
low-cost computation units, they cannot yet be widely 
applied in automobile domain. 
Another limitation with EKF is that, it does not exploit 
any high-level maneuvering information. This has 
motivated the development of the hybrid estimation [12], 
which comprises both continuous and discrete 
components. For instance, in an automobile localization 
application, the vehicle position is a continuous 
component, while the maneuver of the vehicle is a discrete 
component. In recent years, it has been observed that, the 
discrete component of a mainstream automobile is 
structural, due to constraints from vehicle kinematics and 
road geometry. Based on this assumption, multiple model 
filtering techniques have been applied to solve vehicle 
position tracking problem [8], [9], [15], [17]. 

3 Introduction to multiple models 
The vehicle state is represented by T

tttt nex ],,[ θ= , 
which denotes the vehicle's East-North UTM coordinates 
and heading direction. Modern automobiles are equipped 
with ABS (Automatic Braking System) that can calculate 
wheel speed tu from the low-resolution angular encoders 
attached to the wheels. Based on the wheels speeds, at 
each time instance, we can estimate the vehicle’s position 

in the next time instance 1+tx . The uncertainty of vehicle 
position is predicted in a similar manner and denoted 

as 1+tP . When a new measurement 1+tz  from GPS is 
received, these predictions are further updated according 
to the Kalman gain 1+tK . The Kalman gain decides the 
trade-off between the prediction and the new observation. 

3.1 Introduction to Multiple Model 

We predefine γ  different vehicle maneuver modes. j
tP 1
ˆ

+ . 
For example, in this work, we employ four maneuver 
modes, therefore 4=γ . The vehicle motion is partitioned 

into these γ  individual modes, denoted as jM , where 
},...3,2,1{ γ∈j . Each model is processed by an EKF, 

where each EFK runs recursively on its own estimates 
j

tx 1ˆ +  and j
tP 1
ˆ

+ . 
The probability distribution function (PDF) of the position 
of the vehicle is a Gaussian mixture with r terms [15]. The 
latest mode probabilities are used to combine the mode-
conditioned estimates and covariance as follows: 
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where tZ represents all the previous measurements from 
GPS and vehicle ego-state. The combination of the mode 
conditioned estimate and covariance is calculated as: 
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3.2 Vehicle maneuver modes 
Based on our observations of the experimental data and 
in-house discussions, three types of maneuvers could 
describe the motion of a vehicle in urban areas: static, 
straight and turning. These maneuvers can be modeled as 
per the models in the next paragraphs. In order to 
represent maneuvers that do not match any of these, a 
‘universal’ mode is included that takes those maneuvers 
not included in any of the types. 
1. The bicycle model. It is one of the most widely 
employed vehicle motion model [15]. This model is 
denoted by M 1 and serves as a generalization for all the 
other modes in this work. At each time instance, given the 
vehicle speed υ  (which is calculated from rear-wheel 
speeds) and yaw rateω , Based on the simple bi-wheel 
model, we can predict the vehicle's state at time 1+t  as:  









∗+=
∗+∗+=
∗+∗+=

+

+

+

dt
dtdtnn
dtdtee

tt

ttt

ttt

ωθθ
ωθυ
ωθυ

1

1

1

)2/sin(*
)2/cos(*

   (4)  

1604



2. Straight Mode. This is likely the most common moving 
mode for a vehicle. The heading direction of the ego 
vehicle is assumed to be constant when in this mode. The 
rotation angle is set to be 0. We denote this model as 2M  
3. Constant angular speed turning mode. This mode 
represents the vehicle’s motion in a turning road, and is 
denoted as 3M . Due to vehicle’s kinematics constraints, 
turning angles are almost always constant. This type of 
motion is approximated as a constant speed model having 
a fixed rotation angle. In this case, the vehicle state is 
denoted as T

ttttt nex ],,,[ θθ= . As can be observed, this 
model is 1-dimension more complicated than others. 
Therefore, when this mode is processed by (2) and (3), the 
constant angular speed term is truncated. 
4. Stop mode. Our GPS characterization trials have shown 
us that with automobile grade GPS receivers, when a 
vehicle stops, the GPS estimates could start to drift. Such 
drifts could often confuse a sensor fusion algorithm. To 
address this problem, we introduce a vehicle stop mode, 
which is denoted as 4M . In this mode, the vehicle speed 
and vehicle rotation are set with high confidence. By 
doing so, we can considerably reduce the disturbance 
from GPS drifts. Internal vehicle variables could allow us 
to determine with confidence whether the vehicle is at rest 
or in motion. 

4 Maneuver Recognition 
In a classic Interactive Multiple Model (IMM) scheme, a 
Bayesian process calculates the mode likelihood j

tµ , 

based on j
t 1−µ and the transitional probability between 

each mode. The Bayesian estimation in classic IMM is a 
Markov process, where the estimator has only one-step of 
‘memory’. Additionally, it exploits only the information 
within the estimation loop, i.e., the wheel speed and GPS 
readings. However, vehicle states outside the estimation 
loop (gear box state, steer angle, etc) may also give an 
indication to reveal the vehicle maneuver. It is therefore 
favorable to develop a maneuver detector that utilizes all 
the information available. 
A naive detector will be a look-up-table (LUT). For each 
combination of wheel speeds, steering angle, gear box 
state, etc., we assign a maneuver accordingly. However, 
due to the amount of data collected by the vehicle when it 
moves. It will be difficult to build and maintain this LUT. 
Statistical pattern recognition techniques offer a more 
efficient yet effective solution.  
In this work, a major contribution is to employ a pattern 
recognition technique to solve the vehicle maneuver 
identification problem. One key advantage of employing 
such a strategy is that, it exploits information outside the 
filtering loop. Accordingly, this strategy is more robust to 
the errors caused by inaccurate filter modeling. In this 
work, this strategy comprises four steps. The basic scheme 
is illustrated in Fig. 2.   

 
Fig. 2.  The offline training process comprises by four steps. 

1. A testing trial is performed to collect training data. For 
each time instance t, we log the vehicle state from data in 
the CAN bus and build a data structure called ‘motion 
descriptor’: 

},,,{ ttttt Lv φπλ =    (5) 

where tv denotes the vehicle speed, tπ  denotes the 

steering angle, tφ  denotes the angle of front wheel and 

tL  denotes status of the vehicle turning lights. 
2. We employ locally linear embedding (LLE) [11] 
algorithm to pre-process the data. The LLE is a widely 
used projection algorithm. It is designed to find the 
manifold (also referred as subspace) within the raw data 
space. When projected into this manifold, the raw data 
become easier to separate. Using its capability to reserve 
local geometry characteristic, it can retrieve the non-linear 
manifold, which is an advantage over its linear 
counterparts such as PCA and LDA [13]. 
3. An unsupervised learning process is employ. All 
vehicle motion data are clustered by the k-means 
algorithm [10][14]. K-means is among the most widely 
used unsupervised clustering methods. The main idea is to 
define γ  centroids, one for each maneuver. Normally 
these centroids are placed randomly. However, in this 
work, since we already know the candidate maneuvers, we 
set these centroids with heuristic priors. The next step is to 
take each λ  belonging to the training data set and 
associate it to the nearest centroid. When no λ  is 
pending, we re-calculate γ  new centroids from the 
previous clusters. Once the γ  new centroids are obtained, 
a new binding is made between the λ ’s and the nearest 
new centroids. The iterations continue as the γ  centroids 
change their location step by step until no more changes 
are made. 
4. After k-means clustering, each descriptor is assigned a 
label },{ tt Mλ that indicates with which model it is 

associated, where },,,{ 4321 MMMMM t ∈ .  We can 
approximate the distribution of descriptors of model 

jM by a Gaussian distribution. Let jΛ  denotes the set of 
all the descriptors that are labeled as jM , the mean and 
standard deviation of this Gaussian distribution is 
calculated as: 
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When a new measured xλ is observed, we can then 

calculate the likelihood that this xλ  belongs to each 
motion model by: 

( ) ( )( )22
2exp~ j

M
j

Mx
j

x σλλµ −−=   (8) 
The model weight in (4) can be calculated by normalizing 
the j

xµ~ for all the models. 

5 Context-based Training 
It must be noted that the performance of odometer vary as 
environment changes. For example, slip of wheels may be 
different in different road conditions. In this work, we 
refer all of these external conditions as ‘context’. The 
authors argue that, a pattern recognition based localization 
scheme must take into account the contexts, so as to be 
more discriminatory according to the situation in which 
the vehicle moves. 
This section presents a hierarchical scheme to organize the 
driving conditions. First, we classify driving conditions 
into four types of context: urban, peri-urban, motorway 
and countryside. For each context, we further select the 
most challenging and representative situations, which are 
referred as use-cases. Sensor measurements are 
systematically collected for these use-cases when the 
vehicle is driven in real traffic conditions. These data are 
used to train the proposed algorithm. The use of a 
hierarchical training data set offers considerable efficiency 
yet comprehensiveness. 
Contexts essentially provide additional information to the 
filtering process. Therefore it is expected to further 
improve localization performance. In this work, the 
context is assigned manually. However, such information 
is now widely available in databases of digital roadmap 
networks, which are used in commercially available car 
navigation system. 

6 Experimental Results 
Extensive experiments are conducted in the Paris region 
of France. The testing vehicle is a Renault Espace, as 
shown in Fig. 3. Different sensors are mounted on the 
vehicle: camera, an IMU and a gyroscope. The GPS we 
employed is Ublox Antaris-4, which is chosen based on a 
series of a priori evaluations. The vehicle states are 
transmitted through a CAN-bus interface. The data 
logging and synchronization are performed by RTmaps 
middleware [18].  

 
Fig. 3.  The testing platform and the sensor layout. 

The experiment is conducted in the city centre of St. 
Quentin en Yvelines. This is a use case in “Urban 
Context”. 
How to benchmark the performance of different GPS 
and/or algorithms has been widely discussed in the 
automobile domain To provide a ground truth trajectory of 
the vehicle, we employed a high-grade inertial navigation 
system, LandINS [19]. This system claims an accuracy 
higher than 1 meter radius error, which is sufficient for 
this work. 
A testing run is conducted first. An observation window 
of 300 seconds is extracted. The collected data are 
projected to a low dimensional manifold by LLE 
algorithm, as shown in Fig. 4. In this 3-d manifold, these 
data are further segmented by k-means, using the SOM 
toolbox implementation. 

 
Fig. 4.  (Upper) The vehicle states in low-dimensional projected space 
after LLE. Different maneuvers are segmented and marked by different 
colors. (Lower) Segmented vehicle maneuvers are marked by different 
colors and visualized in a UTM coordinate frame. 

We further visualize the segmented maneuvers on the 
north-east coordinate frame, as shown in Fig. 4 (lower). 
Different vehicle maneuvers are marked by different 
colors. This unsupervised clustering algorithm 
demonstrates satisfactory results. However, it can be 
observed that there are still some false reports, e.g., the 
yellow segment in the middle of trajectory. Here the 
vehicle takes a very slight turn (possibly to overtake), 
such a motion cannot be properly classified by the k-
means algorithm.  
Based on the ground truth read from LandINS, the 
performance of the proposed algorithm is analyzed using 
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data from real traffic conditions, rather than simulation. 
Fig. 5 depicts the statistical analysis of Ublox GPS 
responses in the tested urban area. On the top is the radius 
error histogram, this is supposed to be a 2χ distribution if 
the error is Gaussian. However, as observed in the figure, 
this histogram is far from been Gaussian. The absolute 
errors in longitude and latitude direction further show that 
the GPS estimates have a strong bias. We believe such 
poor performance is caused by the multi-path effect in 
urban canyon environment.  

 
Fig. 5.  The statistical analysis of GPS error in the testing urban 
environment. 

The performance of a standard IMM-EKF [5] is shown in 
Fig. 6. Due to the poor GPS outputs, IMM-EKF yields 
poor performance also. The result of the proposed loosely 
coupled algorithm is shown in Fig. 7. It can be observed 
that, the radius error of the proposed algorithm has a 
shape closer to 2χ . In terms of longitude and latitude 
error, the proposed algorithm has also vastly outperformed 
the GPS and the IMM-EKF.  
Using the ground truth as benchmark, we further compare 
the errors of GPS, a standard IMM-EKF and the algorithm 
in the time axis, as shown in Fig. 8. It can be observed 
that, during most of the experiment, the proposed 
algorithm yields a smaller error than the IMM-EKF. 
However, it can also be noticed that, the proposed 
algorithm cannot fully compensate the bias of the GPS 
outputs. When the GPS bias sustains for a long duration, 
the algorithm may nevertheless be deceived, as what 
occurs at the end of the experiment.  
 

 
Fig. 6.  Statistical analysis of standard IMM-EKF’s performance 

 
Fig. 7.  Statistical analysis of the proposed algorithm's performance. 

The significant improvement offered by the proposed 
algorithm can be observed in the region from 150s to 200 
s in Fig. 8. In this region, the GPS outputs have a 
sustained bias. Due to the Gaussian assumption (which 
does not stand here), IMM-EKF adapts to this bias and 
switches to the maneuver that matches this bias best. 
However, the recognition algorithm is independent of 
Kalman filter states. Therefore, it can correctly identify 
the true maneuver, which does not match GPS results. 

 
Fig. 8.  Error comparison between the Ublox GPS (Red), standard IMM-
EKF (green) and the proposed algorithm (blue). By integrating car 
odometer information, the proposed algorithm can significantly improve 
localization accuracy. 
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We finally visualize the vehicle trajectory using 
GoogleEarth, as shown in Fig. 9 to provide context to our 
results. By overlaying the trajectories on satellite images, 
the improvements offered by the proposed algorithm can 
be easily observed. 

 
Fig. 9.  Vehicle trajectories overlaid on satellite image. Blue dense: 
ground truth from trajectometer; red circle: estimated by proposed 
algorithm; green cross: GPS estimates. 

7 Conclusion 
In this paper, a novel sensor fusion technique is proposed. 
The purpose is to bridge the gap between classic sensor 
fusion and statistical pattern recognition. This technique is 
designed for data available in commercial passenger 
vehicles. The pattern recognition algorithm is trained by 
data from a succession of test runs. During these test runs, 
the GPS measurements and odometer data were collected 
and compared with a ground truth in order to infer 
statistics of vehicle maneuvers in real traffic conditions.  
Experimental results demonstrate that the combination of 
pattern recognition and multi-model techniques yields 
promising results and deserves further investigation.  The 
inclusion of other observations via the use of externally 
looking sensors or map-matching with digital road maps  
should benefit the localization techniques proposed by our 
approach [20].  
Further, tightly coupled solutions using pseudo-ranges are 
much in vogue today, which in contrast to loosely coupled 
configurations can use information from less than 4 
satellites to yield solutions. By fusing GPS signals directly 
in the updating process, a tightly coupled configuration 
can even operate when only one satellite is available.  Our 
approach is being extended to this solution but also 
incorporating other vehicle ego-state information. 
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