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ABSTRACT  
 
This paper focuses on evaluating the feasibility of using a 
low cost Micro Electro Mechanical System (MEMS) – 
based Inertial Measurement Unit (IMU) integrated with 
Differential Global Positioning System (DGPS), for land 
vehicle navigation. The main focus is on position 
accuracy analysis using a closed loop decentralized 
GPS/INS integration scheme. A Kalman filter is proposed 
for the IMU which models sensor scale factors and turn 
on biases. A performance comparative analysis of the 
MEMS Crista IMU with a tactical grade HG1700 IMU is 
presented. GPS outages are simulated in a clean data set 
collected in open sky conditions, by artificially omitting 
satellites during post-processing in order to asses the 
stand-alone performance of each IMU. Two different 
methods are investigated to prevent the errors from 
accumulating in the Inertial Navigation System (INS) in 
the absence of GPS. One is to use the constrained motion 
attributes of a land vehicle to bound the drift in the INS 
solution. This method is suitable for use in real-time 
applications. Another method is specifically a post 
processing scheme which involves the use of a Rauch 
Tung Streibel (RTS) smoother. Simultaneous field testing 
using DGPS and MEMS, tactical, and navigation-grade 
IMUs was conducted to allow for a direct comparison of 

their relative performance. The results show that in open 
sky conditions with MEMS IMU measurements and a 
pseudorange/Doppler derived DGPS solution, a positional 
accuracy better than 38 cm can be achieved.  The use of 
vehicle movement constraints during GPS outages can 
prevent errors from accumulating, and can provide the 
improvement of up-to 80% in the position domain, 
whereas the corresponding improvements using the RTS 
smoother are about 99%.  
 
INTRODUCTION  
 
The E911 mandate and further commercial potential have 
been the main thrusts in the growth and demand of 
Location Based Services (LBS) products such as in-car 
navigation systems, personal-locator systems, and fleet 
management systems. The purpose of these LBS products 
is to provide accurate position information of users to be 
able to connect them to nearby points of interest (such as 
retail businesses, public facilities, or travel destinations), 
to be able to advise them of current conditions (e.g. traffic 
and weather), or to be able to provide routing and tracking 
services (Liu, 2002). LBS applications do not necessarily 
require highly accurate position information but rather a 
continuous navigation solution (Young and Kealy, 2002).  

 
The present study discusses LBS in the context of a Land 
Vehicle Navigation System (LVNS). A navigation system 
for such applications should be small, low powered and 
inexpensive (Collin et al., 2001). These requirements are 
fulfilled by the Global Positioning System (GPS), which 
has emerged as the most popular technology for land 
vehicle navigation systems because of its high accuracy 
positioning ability (Zhao, 2003). However, systems 
developed around GPS alone are incapable of providing a 
continuous navigation solution in harsh environments. 
Since land vehicles typically move under the trees, in 
tunnels, and between tall buildings, GPS positioning may 
be difficult due to signal blockage and attenuation. To 
overcome this issue, GPS is often integrated with an 
Inertial Measurement Unit (IMU), where the inertial 
device plays the role of bridging the position estimates, 
when GPS is unavailable. However, the inertial devices 
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suffer from errors such as gyro drifts, accelerometer 
biases and scale factor errors which cause a rapid 

degradation in the position quality in stand-alone mode. 
High quality IMUs exhibit significantly slower position 
degradation, but their higher costs limit their application 
to areas such as land vehicle navigation. Recently, with 
advancements in Micro Electro-Mechanical Systems 
(MEMS) technology, low cost MEMS-based inertial 
sensors are available (Park, 2004). The immediate start-up 
time, low power consumption, weight and cost of these 
sensors meet the specifications and requirements needed 
for low cost applications encountered with land vehicles. 
As MEMS-based inertial sensors are anticipated to be 
used for the development of future LVNS, it is of 
significant importance to evaluate their performance. 
Thus the aim of this paper is to provide an insight into the 
accuracy levels that can be expected from a GPS/MEMS 
integrated system. 
 
In the last few years, several researchers have investigated 
the integration of a low cost IMU with GPS. Salychev et 
al. (2000), Yang et al. (2000), Mathur and Grass (2000) 
used the low cost motion sensor (Systron Donner 
MotionPakTM) for their integrated systems. Kealy et al. 
(2001) and Cao et al. (2002) investigated the feasibility of 
using a MEMS-based IMU (Crossbow DMU 6x) for land 
vehicle applications. However, most of these researches 
focused on open loop (feed-forward) approach for 
integration, which is suitable only for integration with 
high-end inertial sensors. A low cost IMU propagates 
relatively large navigation errors in a small time interval. 
Without a feedback loop the inertial sensor measurements 
and the mechanization parameters will have higher error 
values which will spoil the linear system assumption. A 
closed loop configuration feedbacks the estimated inertial 
sensor errors to the mechanization equations to correct the 
inertial measurements, and thus increases the accuracy.  
 
Due to the light weight and fabrication process of the 
MEMS IMU, there are some performance limitations of 
these sensors (Shin and El-Sheimy, 2005), which cause 
the navigation solution to degrade rapidly in the absence 
of an aiding source. Therefore, the integration of these 
sensors as supporting devices requires additional aiding 
for bounding their errors during GPS outages (Wang and 
Wilson, 2002). Several researchers have investigated 
methods to prevent the error degradation during GPS 
outages, including the use of Vehicle Motion Sensors 
(Numajima et al., 2002), air data systems (Poh, 2002), and 
an array of pseudolites (Lee, 2002). However, the use of 
additional external units limits the application areas of 
these navigation systems, and also increases the cost of 
the overall system. This paper addresses the problem of 
keeping the accuracy within bounds by considering the 
vehicle motion constraints arising from the fact that land 
vehicles are mostly traveling on roads (Scott, 1994). Thus 
observations constructed using this fact can be used into 

the INS data processing loop when the GPS is not 
available, to extend the ability of the system to keep the 
position accuracy within bounds for longer periods. The 
concept of using vehicle motion constraints in land 
vehicle environment is not new. Sukkarieh (2002) 
demonstrated their effectiveness with a medium accuracy 
IMU, Shin (2001) used constraints to bound the 
mechanization errors in a tactical grade IMU, and recently 
Wang (2004) demonstrated their use with a single axis 
gyro and accelerometer. Here the aim is to see the 
advantages of constraints specifically during GPS outages 
when used with a low cost MEMS IMU. 
 
Another approach for preventing the errors from growing 
in a challenging GPS condition is the use of backward 
smoothing techniques. Smoothing uses the fact that the 
sensor data can also be used in a reverse time fashion. It 
provides an estimate using the observation that is ahead in 
time of the estimate; therefore, smoothing is clearly a post 
processing method. Here the use of Rauch Tung Streibel 
(RTS) smoother will be investigated. Nassar (2003) 
showed that the use of RTS smoother reduces the errors 
accumulated in navigation and tactical grade INS output 
by about 75-85 %. Here aim is to see the level of 
improvements with a MEMS IMU.  
 
Thus based on the above discussion, the following 
performance parameters will be investigated: 
 

• Position/velocity accuracy using GPS pseudorange 
/Doppler derived position and velocity in a closed 
loop integration approach. 

 

• Accuracy of the stand-alone INS when complete GPS 
outages occur under varying vehicle dynamics. 
Results of this investigation will determine the land 
vehicle navigation applications for which the system 
can be used to maintain a given level of performance. 
The accuracy requirement for a land vehicle 
generally varies with application. For instance the 
acceptable accuracy level for emergency services like 
ambulance is 10-20 m (2D, 95%), whereas the 
corresponding requirement for an autonomous car is 
at cm level.  

 

• The duration of time for which the system can 
maintain acceptable performance levels without GPS 
updates with vehicle motion constraints.  

 

• The level of improvement that can be achieved with 
backward smoothing techniques. 

 
The paper begins with the information about the MEMS 
IMU in consideration, followed by a brief discussion of 
the GPS/INS integration methodology and the methods 
used to keep the INS errors within bounds. The field tests 
conducted with this IMU is then described, and the 
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performance comparison results of a tactical and a MEMS 
level IMU are presented. Finally, conclusions are drawn 
from the test results. 
 
MEMS IMU 
 
The low cost IMU to be used is the Crista IMU from 
Cloud Cap Technology Inc., and is shown in Figure 1. 
This IMU is designed to optimize both price and 
performance in a GPS/INS integration system (Crista- 
Interface/Operation Document, 2004), and is available in 
single quantities for under $2000 US. It is a six axis 
measurement system consisting of three MEMS 
gyroscopic rate sensors and accelerometers providing 
temperature compensated inertial data, at a rate greater 
than 200 Hz. It has an in-built GPS pulse per second 
(PPS) interface which facilitates accurate time 
synchronization of IMU and GPS data. The IMU is small 
in size (2.05”x 1.50”x1.00”) and weighs only 36.8 grams. 

 
Figure 1: Crista IMU (Crista- Interface/Operation 
Document, 2004) 
 
The size, weight, low power consumption and the cost of 
this unit make it an ideal candidate to be used in future for 
LBS applications, and in-car navigation systems. Table 1 
lists some relevant performance specification of the Crista 
IMU. Also shown are the values for the navigation grade 
and tactical grade IMUs used for higher accuracy 
integrated systems.  
 
Table 1: Technical Characteristics of Different IMU 
Grades (Crista- Interface/Operation Document, 2004; 
Petovello, 2003).  

IMU CIMU HG1700 Crista 

Grade Navigation Tactical Automotive 

 ACCELEROMETER 

In Run Bias (mg) 0.025 1 2.5 

Turn On Bias (mg) - - 30 

Scale Factor (PPM) 100 300 10000 

Velocity Random 
Walk (g/√Hz) 

- 2.16e-006 370e-006* 

 GYROS 

In Run Bias (°°°°/hr) 0.0022 1 <1040 

Turn On Bias (°°°°/hr) - - 5400 

Scale Factor (PPM) 5 150 10000 

Angle Random 

Walk (°°°°/hr /√Hz) 
6.92* 7.5* 226.8* 

Cost >$90000 >$20000 <$2000 

* Obtained from static testing in lab 

GPS/INS INTEGRATION STRATEGIES 
 
The concept of integrating GPS/INS has been well 
understood over the past decade. Different strategies for 
integration have been developed and tested with different 
grades of IMUs. Typically, three main strategies are 
defined, namely loose integration, tight integration and 
ultra-tight (or deep) integration (Petovello, 2003). In this 
study, a loose integration strategy is used, which is shown 
graphically in Figure 2. 

 
Figure 2: Filter Design in a Loosely Coupled 
Integration Strategy 
 
In this integration scheme, GPS and inertial processing is 
carried out in two separate, but interacting, filters (Ford et 
al., 2001). Together these constitute a decentralized filter 
process; hence, this strategy is also referred as a 
decentralized integration strategy. The GPS 
measurements are processed independently in a GPS-only 
Kalman filter. Then the output of this filter is used 
periodically as input to the INS-only filter. The INS-only 
filter uses the difference between the GPS-derived 
position and velocity estimates, and the INS 
mechanization-derived position and velocities as 
measurements to obtain the error estimates. The 
position/velocity covariance matrix is transferred from the 
GPS-only filter to the INS master filter as the 
measurement noise.  
 
Different approaches exist to implement this integration 
strategy, each with a different twist to accommodate a 
particular application. Typically, two approaches are 
commonly used, open loop (feed forward) and closed 
loop (feedback). In the open loop implementation, the 
INS mechanization operates independently without being 
aware of the existence of a Kalman filter. The Kalman 
filter estimates the errors in mechanization-derived 
navigation information, corrects it, and outputs it. The 
corrected parameters and estimated sensor biases and 
drifts are not sent back to the navigation processor. The 
INS error model is obtained by linearizing the 
mechanization equations using a Taylor series expansion 
and neglecting the second order term. Without feedback, 
the error in mechanization grows rapidly, which can make 
the terms neglected in the Taylor series expansion 
significant, and thus can potentially introduce large errors 
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into the integrated system. This kind of integration 
approach is valid for high end inertial sensors, which 
propagates relatively small errors. However, a low cost 
MEMS IMU propagates large errors in a short time 
interval, and thus on-the-fly error compensation is 
required for the mechanization parameters. 
 
In a closed loop integration scheme, a feedback loop is 
used (dotted line from the Kalman filter to the navigation 
processor in Figure 2), which corrects the raw sensor 
output and other mechanization parameters using the error 
estimates obtained from the Kalman filter. In this way the 
mechanization propagates small errors, thus maintaining 
the small error assumptions. 
 
GPS/INS FILTER DESIGN 
 
The heart of an integrated system is the Kalman filter that 
fuses measurements from the GPS and INS sensors to 
obtain an optimal estimate of the system states. This 
section therefore discusses the design of the INS and GPS 
filters. 
 

INS Filter 

A basic INS filter generally consists of nine navigation 
error states, including three positions, three velocities, and 
three attitude error states. The inertial system is 
mechanized in the Earth Centered Earth Fixed (ECEF) 
frame, which was chosen for its relative ease for 
implementation, compared to the local level frame. The 
INS error model is obtained by perturbing the 
mechanization equations, and is given by a series of first 
order differential equations (El-Sheimy, 2004) stated by 
Equation (1): 
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where, “dots” denote the time derivatives and the 
superscripts “e” and “b” denote the ECEF and body frame 
respectively. The symbol pδ is the position error state 

vector, vδ is the velocity error state vector, F  is the skew 

symmetric matrix of specific force, ε is the misalignment 

error state vector, N  is the tensor of the gravitational 

gradients, ieΩ  is the skew symmetric matrix of the Earth 

rotation rate relative to inertial space, e
bR is the rotation 

matrix from the body frame to the ECEF frame, fδ is the 

accelerometer sensor errors, and wδ is the gyro sensor 

errors. 
 
This error model, in literature, is termed as the phi angle 
error model. Due to errors in the INS sensor 
measurements, the above system of differential equations 

needs to be augmented by the sensor error models, where 
the number of errors to be modeled depends on the 
inertial sensor characteristics. The sensor measurement 
equation for a high end inertial sensor can be written as: 
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where, “~” denotes the measured value by the sensor. The 

symbol f is the specific force, w is the angular rate, 

db δδ / is the sensor residual biases, and iη is the sensor 

random noise. 
 
From an inspection of Equation (1) combined with 
Equation (2), it can be noted that the velocity and attitude 
errors are modeled as random walk processes, whose 
process noise is derived from the measurement noise of 
accelerometer and gyros, respectively (Petovello et al, 
2003). The residual biases could be modeled as any 
appropriate noise processes; however, the most popular is 
the First order Gauss Markov process given by Equation 
(3): 
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where,  α and β are the model parameters. Equation (1) 
and Equation (3) together form the process model for a 15 
state filter, consisting of nine navigation error states, and 
six sensor error states. This filter herein will be referred to 
as a 15 state filter.  
 
However, the error levels in the MEMS IMU in 
consideration are very high so the sensor scale factor 
errors and the sensor turn on biases were also considered, 
and modeled in the Kalman Filter. Thus the measurement 
equation for MEMS sensors is now modified to become 
Equation (4): 
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where S is the scale factor error and tobtob db / are the 

sensors turn on biases. The inertial sensor turn on bias is 
the bias when the sensor is turned on, and so is expected 
to remain constant for a particular run. These biases are 
therefore modeled as random constant processes in the 
filter. Sensor scale factor errors change slowly with time, 
and are thus modeled as First order Gauss Markov 
processes with a large correlation time. This can be 
represented mathematically by Equation (5) and (6): 
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where the terms have been previously defined. Equation 
(1), combined with Equations (3), (5) and (6), forms a 27 
state filter consisting of nine navigation error states and 
eighteen sensor error states. This filter herein will be 
referred to as a 27 state filter.  

 
GPS Filter 

The implemented GPS filter uses the Position-Velocity 
(PV) model whereby the filter estimates position and 
velocity errors with the latter being modeled as a random 
walk process. The position and velocity states are 
parameterized in the WGS-84 ECEF-frame and are 
transformed into the local level frame when necessary. 
The filter states were augmented with GPS receiver clock 
offsets and clock drift error states. The clock errors are 
modeled as white noise input to a second order Markov 
process, and are defined in the units of range and range 
rates for compatibility with position and velocity states. 
The measurement inputs to this filter are the single 
differenced carrier smoothed pseudorange (code) and 
Doppler observables. 
 
VEHICLE MOTION CONSTRAINTS 
 
All vehicle motion models are approximations of the real 
world based on some assumptions or simplifications 
(Wang and Wilson, 2002). The motion model used here 
assumes that the vehicle does not slip, which is a close 
representation for travel in a constant direction. A second 
assumption is that the vehicle stays on the ground, i.e. it 
does not jump of the ground. If both the assumptions are 
true, then the velocity of the vehicle in the direction 
perpendicular to the movement of vehicle must be zero 
(Sukkarieh, 2000), as shown graphically in Figure 3.  

 
Figure 3: Vehicle Velocity Constraints 
 
Thus, assuming that the Y axis of the IMU points in the 
direction of the vehicle forward velocity vector, the above 
concept can be described mathematically by Equation (7): 
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where xη  and zη are the measurement noise values 

denoting any possible discrepancies in the above stated 
assumptions. The magnitude of the noise is chosen to 
reflect the extent of the expected constraint violations 
(Sukkarieh, 2000).  

The proposed and implemented algorithm is to use GPS 
when it is available with INS to provide navigation 
information, and when the GPS outage occurs a 
complementary Kalman Filter is used to combine the 
INS- and constraints-derived velocity measurements to 
keep the position and velocity errors bounded. The 
structure of the Kalman filter when constraints are used is 
shown graphically in Figure 4.  

 
Figure 4: Constrained Navigation Block Diagram  
 
This Kalman filter uses the differences between the INS 
velocities (converted into the body frame) and the virtual 
velocity measurements (zero in the body frame) to 
compensate the INS navigation errors. The measurement 
model for this can be derived as discussed in the 
following section. 
 
Measurement Model 

To set the right component of the velocity vector to zero, 
the INS velocity needs to be transformed from the 
mechanization frame (ECEF frame) to the body frame, 
which can be done using the relationship given in 
Equation (8):  
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To relate these measurements to the system states, 
Equation (8) was perturbed to obtain Equation (9), 
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As noted from Equation (9) the misclosures in the body 
frame velocity components are related to the ECEF frame 
velocity error states, and to the misalignment states 
through the rotation matrix. The first and last rows of 
Equation (9) form the measurement design matrix, and 
the measurement misclosures can be computed using 
Equation (10): 
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RAUCH TUNG STREIBEL (RTS) SMOOTHER 
 
RTS is a fixed interval smoother, where the time of the 
interval is fixed, and the optimal estimates of the interior 
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points are sought (Brown and Hwang, 1997). The RTS 
smoother consists of forward processing which is a 
standard Kalman Filter, and backward processing which 
is represented by Equations (11) through (13) (ibid). For a 
derivation of the RTS smoother, refer to Meditch (1969). 
The smoother is initialized with forward filter’s last epoch 
states and covariance at the end of the forward processing, 
and then the backward processing starts. 
 
Smoother initialization: 
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States Estimation: 
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Covariance Estimation: 
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The superscripts “s” and “f” denote the smoothed and 
forward filter variables, and “+” and “-” denote the 
estimated and the predicted variables. The symbol x  is 

the state vector, P is the variance-covariance matrix, Φ is 
the transition matrix, and G  is the smoothing gain. 

 
From an inspection of these equations, it can be noted that 
the RTS smoother does not involve backward processing 
of the measurements per se, but requires saving all the 
predicted/estimated states and predicted/estimated 
covariance information for every epoch processed in the 
forward Kalman filter. With each backward sweep the 
forward filter estimate is updated to yield an improved 
smoothed estimate, which is based on all the 
measurement data (Brown and Hwang, 1997).  
 

FIELD TESTING  

 
A field test was carried out in Calgary, Alberta in January 
2005. A total of thirteen data sets were collected over a 
period of four days in different operating conditions 
characterized on the basis of satellite availability. For the 
results presented herein, the data was collected to the west 
of Calgary. This area provided good satellite availability 
with the average number of satellites tracked throughout 
the test run being eight. 
 
Inertial data was collected with three IMUs, namely the 
navigation grade Honeywell Commercial IMU (CIMU), a 
tactical grade Honeywell HG1700 IMU (NovAtel BDS 
system), and a MEMS-based Crista IMU. The navigation 
grade IMU was used to be able to generate a precise 
reference solution, while the tactical grade IMU was used 
to facilitate a performance comparison with the MEMS 
IMU. The HG1700 and CIMU data sets were time tagged 
internally by the GPS receivers in the BDS and CIMU 

systems before being output. This eliminates any 
significant timing errors between the GPS and IMU data 
(Petovello et al., 2003). The Crista IMU data was time 
tagged through a PPS signal from the OEM4 receiver to 
the Crista IMU PPS interface through an RS232 cable. 
The IMUs are shown in Figure 5 while the technical 
characteristics of each IMU are presented in Table 1. 

 
Figure 5: IMU’s used for data collection 
 
The GPS reference station was set up at one of the 
accessible pillars in the test area equipped with a high 
quality dual-frequency NovAtel OEM4 receiver, 
connected to high performance NovAtel 600 antennas. At 
the rover station, a total of four NovAtel 600 GPS 
antennas were used. These antennas were arranged in a 
rectangular pattern, as shown in the test setup shown in 
Figure 6. Two of the antennas were connected to the 
OEM4 receiver of the BDS (A2) and the receiver in 
CIMU (A1) system. The other two antennas A3 and A4 
were each connected to one OEM4 and one SiRF High 
Sensitivity XTrac receiver, through a signal splitter. For 
the analysis presented here, the OEM4 GPS receiver 
connected to Antenna A4 was used to integrate with all 
the IMUs, for a fair performance comparison. 
 

 
Figure 6: Remote Station Set Up 
 
Each sensor was fixed rigidly on a wooden board which 
was mounted on top of the University of Calgary’s test 
van, the Dodge Grand Caravan, in an attempt to reduce 
the length of the lever arms between the various sub-
systems. Data collection began with a static initialization 
period of about 12 minutes followed by about 15–20 
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minutes of driving. Static data was collected in the 
beginning to facilitate initial alignment of each IMU. The 
total duration of each test was 30-35 min. Vehicle speeds 
varied from 0 to 100 km/hr during the run. The total 
distance traveled was 6-7 km, and the baseline length to 
the reference station varied from 0-3 Km.  
 
DATA PROCESSING AND RESULTS 
 
For post-processing of the data, a GPS/INS integrated 
software system was developed in a C++ class 
environment. The software has an integrated navigation 
module, a DGPS processing module, an error 
compensation module, and a backward smoothing 
module. The integrated navigation module implements 
both the loosely and tightly coupled integration schemes 
for reducing the inertial and GPS data. DGPS processing 
uses L1 C/A code and Doppler measurements. Processing 
can be done in single differenced or double differenced 
mode, with single differenced GPS solution being used 
here for generating the results. The error compensation 
module uses vehicle dynamic constraints during GPS 
gaps to prevent the solution degradation. The smoothing 
module uses the RTS smoother to smooth the forward 
solution.  
 
Reference Solution 

To facilitate a performance comparison analysis of 
various sensors, a reference navigation solution is 
required. Here, the integrated solution obtained using the 
navigation grade CIMU was used as the reference. The 
CIMU data was processed using the Position and 
Orientation System Post Processing Package (POSPac), 
from Applanix Corporation. The software compensates 
for sensor and environmental errors, and computes the 
optimally accurate, blended, and smoothed navigation 
solution (PosPac, Product Manual, Applanix Corporation, 
2001). All the three GPS measurements, namely code, 
Doppler, and carrier phase measurements were used in the 
processing. The navigation solution obtained in this way 
is therefore accurate to better than 1.5 cm (horizontal) and 
4 cm (vertical), and hence will be used as reference for all 
the analysis presented herein. Figure 7 shows the 
reference trajectory for the open area data set used here, 
along with location of simulated data outages. 
 
Position/Velocity Accuracy 

This section present the results obtained using the Crista 
IMU and the tactical grade HG1700 IMU. 
Pseudorange/Doppler derived GPS updates from the 
OEM4 receiver are available at the rate of 1 Hz, while 
output rate of the INS was set as 10 Hz. The Crista IMU 
data was processed with the 15 state and a 27 state filters, 
whereas for the HG1700 a simple 15 state filter was used. 
To obtain the positioning errors, the reference solution 
was subtracted from each integrated output. Figure 8 

compares the position RMS errors obtained in each case, 
and Table 2 lists the position and velocity RMS errors. 

 
Figure 7: Trajectory with Simulated Data Outages, 
Relative to Base Station  

 
Figure 8: 2D Position RMS Error Comparison 
 
Table 2: Position and Velocity RMS Errors  

 North East Up 2D 3D 

Position (m) (m) (m) (m) (m) 

Crista 15 0.23 0.30 0.21 0.38 0.44 
Crista 27 0.22 0.30 0.20 0.38 0.43 
HG1700 0.21 0.23 0.21 0.32 0.38 

Velocity (m/s) (m/s) (m/s) (m/s) (m/s) 

Crista 15 0.082 0.072 0.053 0.109 0.121 
Crista 27 0.056 0.045 0.039 0.071 0.081 
HG1700 0.015 0.015 0.021 0.021 0.030 

 
Since the GPS availability is good throughout the run, the 
INS navigation parameters get corrected continuously, 
which prevented the errors from accumulating leading to 
a sub-meter level accuracy using both the IMUs. The 
horizontal position errors in the solution obtained from 
the Crista IMU remains within 38 cm and that for 
HG1700 within 32 cm. The obtained accuracy is actually 
limited by the accuracy of the GPS pseudorange/Doppler 
solution and the type of IMU used. 
 
In the case of the Crista IMU, the performance improves 
very little with a 27 state filter as compared to a 15 state 
filter. This is because of the continuous correction of the 
INS errors, which does not allow errors to grow to a level 
to indicate any significant improvement in performance. 
The performance of the 27 state filter could be best 
quantified during GPS outages which will be 
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subsequently discussed. Although, from Figure 9 it can be 
noted that the trajectory became smoother when a 27 state 
filter is used. GPS updates are available at 1 s interval, 
while the output rate of the INS is higher (10 Hz). This 
means that the filter operates in prediction mode between 
GPS updates, where the covariance information is 
predicted while the position/velocity outputs are the 
output of the INS mechanization directly. With a 15 state 
filter, the error during this period accumulates at a faster 
rate because of improper sensor error compensation, 
leading to a saw tooth like behavior (as shown in Figure 
9) which combined with azimuth errors, gets more 
pronounced at turns. However, with a 27 state filter the 
errors are well compensated, which prevented error 
accumulation leading to a smoother trajectory.  

 
Figure 9: Part of Trajectory, Zoomed Near Outage 8, 
as Marked in Figure 7 
 
Alternatively, the performance of each filter can be 
assessed by looking at the Kalman filter innovation 
sequence, which is the difference between the INS 
predicted position/velocity, and the GPS computed 
position/velocity, and is shown in Figure 10.  

 
Figure 10: Position and Velocity Innovation Sequences 
 
As can be noted in Figure 10, that the innovation 
sequences with a 27 state filter are smaller as compared to 
the 15 state filter, indicating un-modeled errors in the 
latter. Some spikes can be seen especially in the velocity 
innovation which occurs during turning maneuvers and 
are mainly due to un-modeled bias and scale factor errors. 

These spikes are not visible with a 27 state filter 
indicating superior performance. 
 
Accuracy of Stand-alone INS 

Advantages of integrating GPS with INS generally come 
into play when GPS signals are blocked and/or subject to 
degradation due to multipath. To demonstrate the ability 
of inertial sensors during these times, eight 30 s GPS gaps 
were simulated in the data by artificially omitting the 
satellites during post processing. These gaps were 
carefully selected to represent varying vehicle dynamics, 
including outages on straight route travel and during 
turns. Periods of simulated GPS outages are marked in 
Figure 7.  
 
To begin the analysis, the Crista IMU data was first 
processed with both the 15 and 27 state filters without 
using the vehicle motion constraints. The purpose was to 
obtain a baseline performance of the integrated systems 
during GPS gaps. Results obtained using the vehicle 
motion constraints could then be compared to this 
performance to asses the percentage improvements in the 
navigation solution. HG1700 data was also processed 
with identical outage conditions to facilitate a 
comparative analysis with the Crista IMU.  To assess the 
positioning capability of each IMU during data outages, 
the position errors were computed (with respect to the 
reference solution) as a function of time since the last 
GPS update for each simulated outage. Using the 
resulting eight time series (i.e. one for each 30 s outage), 
the RMS time series across all data gaps was computed. 
In this way, a statistical assessment of the error as a 
function of time is obtained (Petovello, 2003). 
 
During GPS gaps, the filter works in prediction mode 
where the accuracy depends on the vehicle dynamics, and 
on the duration of the GPS gaps. In the absence of the 
aiding source, errors in the INS velocity start to grow. 
Since the velocities are integrated to obtain positions, the 
position error grows. Figure 11 shows the position errors 
for each IMU during individual outages, and Figure 12 
shows the RMS position error computed across all the 
outages. 

 
Figure 11: Position Errors during Individual Outages 
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Figure 12:  RMS Position Error across all GPS Gaps 
 
As can be seen in Figure 12, the position solution of the 
Crista IMU degrades rapidly during the GPS outages with 
errors reaching up to 85 m (2D) level in 30 s. The 
performance of the Crista IMU improved significantly 
with a 27 state filter with the maximum error limited to 
39 m, an improvement of 57% over the 15 state filter.  
 
The primary reason for the difference in performance of 
two systems is the tilt error. During a GPS outage, the 
IMU measurements are mechanized to obtain the vehicle 
attitude and velocity solutions. The attitude solution 
during a GPS outage depends mainly on the quality of 
gyro measurements. These measurements have a large 
error, which with a 15 state filter does not get 
compensated leading to large errors in the attitude 
estimates. The errors in the azimuth estimate cause 
velocity error growth because of the projection of the 
forward velocity component in the lateral directions, 
while the errors in roll and pitch (tilt errors) contribute to 
the velocity errors by projecting the very strong gravity 
signal in the horizontal direction. Since the error in 
velocity is integrated to obtain position, this eventually 
leads to large errors in the position solution. Figure 13 
and Figure 14 shows the tilt errors with a 15 and 27 state 
filter, which are computed with respect to the reference 
solution obtained from CIMU/OEM4 integration. As can 
be seen, in the absence of GPS the errors in roll and pitch 
accumulates, reaching to 3-4 deg level in 30 s with a 15 
state filter. However, with a 27 state filter these errors are 
limited to the 1 degree level. This difference is thus the 
main reason for the superior performance of the 27 state 
filter.  
 
The performance of the HG1700 is significantly superior 
as compared to the Crista IMU with maximum errors 
limited to the 1 m level after a 30 s GPS outage. This is 
due to the high quality Ring Laser gyro sensors which 
keep the attitude errors (Figure 13), and thus the position 
errors, bounded in the absence of GPS.  
 

 
Figure 13: Tilt Errors with the 15 State Filter 

 
Figure 14: Tilt Errors with the 27 State Filter 
 
Vehicle Motion Constraints  

Having quantified the free-inertial accuracy, this section 
quantifies the system performance during GPS outages 
when vehicle velocity constraints are used. This analysis 
is done specifically with the Crista IMU only, as the error 
levels in the HG1700 are very small. The velocity 
standard deviation value was chosen to be 1.0 m/s, 
computed based on the dynamics of vehicle and the 
misalignment error, as shown in Figure 15.          

 
Figure 15: Computation of Velocity Constraints 
Standard Deviation (Shin, 2001) 
 
Figure 16 compares the position error of both filters (15 
state, and 27 state) when vehicle velocity constraints are 
used. Figure 17 shows the corresponding RMS errors 
across all outages. The scale of Figure 16 and Figure 17 is 
increased to match the scale of Figure 11 and Figure 12 to 
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allow for a closer analysis of the improvements when 
velocity constraints are used. Figure 18 shows the 
maximum position errors over different outage durations. 
Table 3 compares the maximum of the RMS position 
errors for each processing mode, and Table 4 compares 
the percentage improvements in each mode compared to 
the basic 15 state filter. 

 
Figure 16: 2D Position Errors during Individual 
Outages with Vehicle Velocity Constraints  

 
Figure 17: 2D RMS Position Error with Vehicle 
Velocity Constraints 
 
As can be seen in Figure 17, the performance improved 
significantly when vehicle velocity constraints are used, 
limiting the maximum 2D position error to the 24 m level 
for the 15 state filter, marking an improvement of about 
73% as compared to the same filter without constraints. 
For the 27 state filter, the maximum error is limited to the 
17 m level, which is an improvement of about 57% 
compared to the 27 state filter without constraints. 
Although, it is noted from Figure 12 and Figure 17, that 
the amounts of improvement are less at the beginning of 
the outages. After careful investigation, it was found that 
the velocity measurement noise value, which was chosen 
to be 1.0 m/s, is the reason for the lower initial 
improvements. The filter predicted accuracy of the 
velocity remains better than that at the beginning of the 
outages, such that the Kalman filter does not weight the 
measurements as high relative to the predicted value, 
leading to lower improvements during this period. 
 
From Figure 17 and Figure 18 the Crista IMU is seen to 
keep the maximum 2D position errors within 5 m for 
approximately 11 seconds with a 15 state filter, and 14 

seconds with a 27 state filter. Furthermore, the maximum 
errors remain within 10 m for about 18 and 23 seconds 
with the 15 and 27 state filters, respectively. From the 
LVNS design standpoint, a constraints-aided 
DGPS/MEMS IMU system can sustain accuracy levels 
required for emergency/fleet management applications for 
approximately 20-23 seconds in the absence of GPS 
signals. It should be noted that the errors discussed here 
are the maximum of the RMS errors computed across all 
eight outages, and not the RMS errors during the outage. 
The average RMS errors (2D) during the 30 s outages 
vary from 28 m with a 15 state filter to 7 m with a 
constraints-aided 27 state filter.  

 
Figure 18: Maximum of RMS Position Errors (2D) 
across all Outages over Different Outage Durations 
 
Table 3: Maximum of RMS Position Errors  

30 s Gaps North East Up 2D 3D 

Position (m) (m) (m) (m) (m) 

Crista 15 60.9 60.6 4.4 85.9 86.0 
Crista 27 28.5 26.1 3.3  38.6 38.8 

Crista 15 / 
Constraints 

14.4 18.7 2.6 23.6 23.7 

Crista 27 
/Constraints 

9.5 14.9 0.9 17.3 17.7 

HG1700 0.8 0.6 0.5 0.98 1.1 

 
Table 4: Percentage Improvement in 2D Error in Each 
Crista Processing Compared to Basic 15 States Filter  

30 s Gaps Crista 

27 

Crista 15 / 

Constraints 

Crista 27 

/Constraints 

% (2D) 55 73 80 

 
One drawback of simulating a GPS data outage in an 
otherwise good GPS availability conditions to represent 
actual data outages (in urban/semi urban canyons) is that 
the results tend to be optimistic, as just before and after 
the GPS outage, the GPS data is clean and fault free, i.e. 
without any multipath errors. However, in actual 
conditions GPS data is degraded primarily by poor 
satellite geometry and multipath. While this poses no 
serious problem to the inertial system per se, updating the 
inertial system at an incorrect navigation solution would 
lead to large errors in the integrated solution. 
Nevertheless, this approach is still valid for a stand-alone 
accuracy assessment of the IMU. 
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RTS Smoothing 

This section presents the results obtained after backward 
smoothing. First the result for the case when no GPS gap 
was simulated is presented. Then the improvements 
during GPS gaps will be quantified. 
 
Figure 19 shows the trajectory (15 state filter result) 
obtained from the Crista IMU after RTS smoothing, and 
Table 5 compiles the corresponding position/velocity 
error statistics (computed with respect to reference 
solution). As noted from Figure 19, smoothing reduced 
most of the errors accumulated between GPS updates 
leading to a smoother and more accurate trajectory.  The 
differences between the smoothed and reference 
trajectories are very small due to which the trajectories 
are stacked on top of each other. As compared to the 
forward filter results (see Table 2) the Crista IMU 
position output improved by about 8 cm when smoothed, 
while the corresponding improvement in HG1700 
solution is about 13 cm.  

 
Figure 19: RTS Smoothed Trajectory for Open Area 
Case, with no Simulated Gaps (15 State Filter Result) 
 
Table 5: Smoothed Position and Velocity RMS Errors  

 North East Up 2D 3D 

Position (m) (m) (m) (m) (m) 

Crista 15 0.20 0.24 0.19 0.31 0.36 
Crista 27 0.18 0.23 0.19 0.30 0.35 
HG1700 0.08 0.15 0.21 0.17 0.27 

Velocity (m/s) (m/s) (m/s) (m/s) (m/s) 

Crista 15 0.028 0.022 0.023 0.035 0.042 
Crista 27 0.024 0.023 0.021 0.033 0.039 
HG1700 0.009 0.009 0.016 0.013 0.021 

 
Figure 20 shows the RMS position errors during the 
simulated GPS outages, for each IMU case. Table 6 and 
Table 7 list the corresponding position RMS errors and 
the percentage improvements, respectively. The HG1700 
data when smoothed gives a similar performance to the no 
gap case, with the maximum horizontal error being 
reduced to 25 cm. The errors were thus reduced by about 
75%. These results compare well with previous 

investigations done with this IMU. In case of the Crista 
IMU, the position solution improved significantly with 
the maximum horizontal position errors ranging between 
1-4 m. The percentage improvement in this case is 
between 96-99%. Thus, given the current status of MEMS 
inertial technology, it can be stated that the MEMS level 
Crista IMU in post processing with backward smoothing 
can provide accuracy levels comparable to what a tactical 
grade IMU can provide in real time. 

 
Figure 20:  RMS Position Errors (2D) during Gaps 
after Smoothing 
 
Table 6: Maximum of RMS Position Errors after 
Smoothing 

30 s Gaps North East Up 2D 3D 

Position (m) (m) (m) (m) (m) 

Crista15 1.42 3.56 2.48 3.82 4.56 
Crista 27  0.66 0.86 0.72 1.09 1.30 
HG1700  0.11 0.23 0.24 0.25 0.35 

 
Table 7: Percentage Improvement in 2D Error 
Compared to Basic 15 States Filter Results 

30 s Gaps Crista 15 Crista 27 HG1700  

% (2D) 96 99 75 

 
CONCLUSIONS 
 
This paper investigated the accuracy levels from a low 
cost MEMS IMU when augmented with GPS for land 
vehicle navigation applications. Two different filters, a 
basic 15 state filter and a 27 state filter, were used to 
investigate the performance of a MEMS IMU. The 27 
state filter additionally estimates each sensor’s turn on 
bias, and scale factor error. Each filter was tested with an 
open area data set collected in a vehicle. Results show 
that the 27 state filter improves the stand-alone 
performance of the IMU significantly. The improvements 
when data outages were simulated amount to around 57%.  
 
An analysis comparing the performance of the MEMS 
level IMU (Crista) with a tactical grade IMU (HG1700) is 
presented. With GPS updates available every 1 s, both 
IMUs provide accuracies at the few decimeters level. The 
stand-alone performance of each IMU was quantified by 
simulating 30 s GPS outages in post processing. Results 
show that the error levels of the tactical grade IMU during 
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GPS outages are significantly smaller as compared to the 
MEMS IMU. The HG1700 provided sub-meter level 
performance for the 30 s outage, while errors in the Crista 
IMU ranged from 38-86 m with different filters. This 
clearly indicates that the MEMS level IMU needs an extra 
aiding source to constrain its errors to an acceptable level.  
 
Two different algorithms were tested to limit the accuracy 
degradation during GPS outages. The first algorithm uses 
vehicle motion constraints-derived virtual measurements 
to keep the error levels bounded. The second algorithm 
uses backward smoothing, and is based on the knowledge 
of all stored forward filter state estimates and covariances. 
Both algorithms reduced most of the errors accumulated 
in the absence of GPS. Measurements derived from 
velocity constraints reduced the errors by about 73-80% 
using different filters. Backward smoothing, on the other 
hand, reduced the errors by 96-99%. The errors reduced 
by about 75% in case of the HG1700, when smoothed.  
 
Thus, based on the results, it can be concluded that it is 
possible to use low grade, inexpensive MEMS IMUs for 
LVNS. A MEMS-level IMU can keep maximum 2D 
errors within 10 m for about 13-17 s in the absence of 
GPS with a basic filter configuration. If vehicle motion-
derived constraints are used, the corresponding time limit 
increases to 18-23 s without GPS updates. The HG1700, 
on other hand, can provide the same accuracy levels for 
longer periods without GPS updates, but its high cost 
limits its application to LVNS. 
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