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Unfortunately, the standard techniques, which are commonly available for 

solving ordinary least-squares problems, generally cannot be used for solving 

Equation (3.1) due to the integer property of the ambiguity candidates. 

Consequently, methods that in one way or another make use of a discrete 

search strategy to find the minimization of Equation (3.1) must be used. The 

idea is to use the objective function of Equation (3.1) to introduce an ellipsoidal 

region in Rn. A search is then performed on the basis of that ellipsoidal region 

for the minimization of Equation (3.1). The ellipsoidal search space, or search 

region, is given by (Teunissen, 1993) 
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where 2χ  is a positive constant and the selection of which can control the size 

of ellipsoidal search region. The search region is centred at the float solution, 

N̂∆∇ , with its shape being determined by the variance-covariance matrix, N̂∆∇Q . 

However, the quadratic form of Inequality Equation (3.2) cannot be used as a 

criterion to identify the set of candidate grid-points. So the ellipsoidal planes of 

support are introduced to replace the inequality in Equation (3.2) with an 

equivalent description, and the search region bounded by the planes of support 
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represented by Inequality Equation (3.2) becomes (Teunissen, 1993) 
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Where 2
ˆ

iN∆∇σ  is the variance of the estimator of iN̂∆∇ . Inequality Equation (3.3) 

can be used to select candidate grid-points from which the minimization of (3.1) 

can then be chosen. Although Inequality Equation (3.3) is promising in its 

simplicity, the search can be very time consuming when the search region 

defined by Inequality Equation (3.3) is significantly larger than the original 

ellipsoidal region. Furthermore, this will definitely occur when the ellipsoid is 

both elongated and rotated with respect to the grid axes. To address this 

situation, adjustable bounds are introduced. Bounds are made dependent on the 

stage of progress of the search process. These bounds were obtained through a 

sequential conditional least-squares adjustment, which resulted in the 

introduction of the conditional estimated float ambiguities. The bounds can be 

represented as follows (Teunissen, 1993) 
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These bounds, as represented by Inequality Equation (3.4) and Equation (3.5), 

are indeed much less conservative than Inequality Equation (3.3). The search 

space given by Inequality Equation (3.2), makes it difficult to implement the 

search due to the non-diagonal of the variance-covariance matrix N̂∆∇Q . To 

facilitate the search and achieve better efficiency, a LAMBDA decorrelation is 

applied to N̂∆∇Q . The LAMBDA decorrelation basically performs a Z-

transformation witch makes N̂∆∇Q  nearly diagonal (which means that the 

ambiguities become almost fully decorrelated). After the LAMBDA decorrelation 

is applied, the ambiguities as well as the variance-covariance matrix are 

transformed into the Z domain. The search problem is then converted into the 

transformed search space. Denoting the transformed float ambiguities and its 

variance-covariance matrix as ẑ  and ẑQ , the quadratic form of Equation (3.1) 

can then be written in the following form (Teunissen, 1993; Teunissen, 1994) 
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Based on the triangular decomposition of the variance-covariance matrix ẑQ , 

the quadratic form of Equation (3.3) can be further expressed as a sum of 

independent squares in the individual ambiguities (Teunissen, 1993) 
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Where 2
ˆ 1,,2,1,| −= iNNiz L

σ  is the thi  diagonal element of matrix ẑQ , which represents the 

conditional variance of ambiguity iz  conditioned on all previous ones 

( 1,,2,1 −= iN L ). The term 1,,2,1,|ˆ −= iNNiz L  denotes the conditional ambiguities, also 

conditioned on all previous values. Inequality Equation (3.4) and Equation (3.5) 

can be further represented as 

 

( ) nizz
nNNii zzinNNi ,,2,1,ˆ 22

ˆˆ
2

,2,1,| ,2,1,|
L

LL =≤−
== χσλ  (3.8) 

( )
⎥
⎥
⎦

⎤

⎢
⎢
⎣

⎡ −
−= ∑

+=

=

=

n

ij z

nMMjj
z

nMMi

i

zz

1
22

ˆ

,2,1,|
ˆ

,2,1,|

ˆ
1

χσ
λ

L

L  (3.9) 

 

Inequality Equation (3.8) and Equation (3.9) allow performance of the search for 

the transformed integer least-squares ambiguities in a highly efficient manner. 

 

A search performed within all ranges defined by Inequality Equation (3.8) and 

Equation (3.9) attempts to find two integer candidate sets with the smallest and 

the second-smallest sum-of-squared (SOS) residuals. The discrimination test 

will use the ratio of the smallest and the second-smallest SOS residuals by 

comparing each with a predefined threshold to decide if the candidate set 
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ambiguities with the smallest SOS is deemed to be the correct integer 

solution. The fixed integers are then transformed back from Z domain by 

applying an inverse Z-transformation. 

 

3.3.3 AMBIGUITY RESOLUTION IMPROVEMENTS WITH AIDING OF INERTIAL DATA 

 

The foregoing investigation on GPS, INS, GPS/INS integration and GPS 

ambiguity search techniques leads naturally to the question of how GPS 

ambiguity resolution can be improved with the aid of inertial data. To this end, 

many researchers, such as Farrell et al. (2000), Sennott and Senffner (1997), 

and Grejner-Brzezinska et al. (1998) to name a few, have conducted studies 

only on the aspect of accuracy improvements realized through aiding by inertial 

data. In recent years, researchers such as Ŝkaloud (1998), Petovello et al. 

(2001), Petovello (2003a), Petovello et al. (2003), and Scherzinger (2000) 

explored the improvements in ambiguity resolution search space and time to fix 

based inertial data aiding; however, an investigation of the magnitude of 

improvement in ambiguity resolution with inertial data aiding is still desired. 

Zhang et al. (2005) first proposed an analytical equation to quantify the 

ambiguity resolution improvements with respect to the INS free-inertial solution 

after GPS outages. To better accommodate the uniqueness of each type of 

coupling strategy, this section focuses on analyzing the quantity of improvement.  
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Generally, the time to fix ambiguities after a GPS outage depends on three 

factors: (1) The float ambiguity estimate from the GPS or GPS/INS filter after the 

first phase measurement following a GPS outage; (2) The filter’s convergence 

speed; and (3) GPS measurement noise and the level of tropospheric, 

ionospheric and multipath errors. The first factor, the float ambiguity candidates 

from the GPS or GPS/INS filter after the first phase measurement following a 

GPS outage, will definitely decide the initial states and corresponding variance-

covariance (VCV) matrix. The second factor, the convergence speed of filters 

used, will decide how rapidly the VCV decreases to a reasonable value leading 

to a successful search. The third factor, measurement noise and the level of 

tropospheric, ionospheric and multipath errors, usually affects the overall 

success of the search process in terms of time to fix and correctness of fix. The 

desired quantity improvements will be investigated as follows through an 

analysis of the three factors identified above. The fact that loosely and tightly 

coupled integration strategies have different abilities to affect the second factor 

(convergence speed of filters) mentioned above must be kept in mind before 

further investigation. 

 

The a priori and a posteriori VCV matrices are partitioned as ⎥
⎦

⎤
⎢
⎣

⎡
=

a
T
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PP
PP

P  with 
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⎦
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⎡
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s
δ  where pδP  is the estimation error VCV matrix for inertial position 
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error states. 2P  is the VCV of remaining velocity error, misalignment and 

inertial error states when using a tight coupling strategy, and is the VCV of 

velocity error states when a loose coupling strategy is used. aP  is the VCV of 

estimated float ambiguity states. 

 

The float ambiguity states are re-initialized following a GPS outage to reflect 

complete loss of phase information so that, consistent with theory in 

(Scherzinger, 2002), DDP T
aa
2

0
σ=−  and 0P =−

sa . This means that the −
aP  is 

essentially the same using either integration strategy (GPS only, loose coupling 

or tight coupling). 

 

To this end, the equation representing the updated ambiguity covariance matrix 

after a resetting of the ambiguity states can be written as (Scherzinger, 2002) 

 

[ ] −−−−−−+ ++−= aa
T

p
T

aaa PRPDAAPDPPP 122
φδ λλ  (3.10) 

 

In the above equation, the superscript minus (“–”) denotes a quantity before 

update and the superscript plus (“+”) denotes a quantity after update, and  

 aP  is the covariance matrix of the ambiguity states, 

 D  is the double-difference operator, 

 A  is the single-difference design matrix of the observations, 
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 λ  is the phase wavelength 

 pδP  is the covariance matrix of the position errors prior to incorporating 

the carrier phase data, and 

 φR  is the covariance matrix of the phase observation noise. 

 

pδP  in the GPS only case is simply the double-differenced code solution position 

error VCV. In the integrated case, however, it can be computed as following 

Equation (3.11). 

 

In the current context, the significance of Equation (3.10) is that it shows that the 

covariance of the ambiguities decreases with a smaller a priori covariance 

matrix of the position errors (prior to incorporating the carrier phase data), thus 

reducing the time required to fix ambiguities. To this end, the a priori covariance 

matrix of the position errors after resetting of the ambiguity states (i.e., after a 

data outage) can be thought of as the weighted average of the differential GPS 

code solution at that time and the INS solution, as shown in the following 

equation 

 

-1
Code

-1
INS

-1
δp PPP +=   (3.11) 

where CodeP  is the covariance matrix of the differential code position solution and 
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INSP  is the covariance matrix of the INS position solution.  To better 

understand Equation (3.11), the 3-by-3 covariance matrices, ( )•P , is replaced 

with the corresponding 3-D position variance, ( )
2σ • .  In this way, Equation (3.11) 

can be written as 

 

2
INS

2
Code

INSCode

2
INS

2
Code

δp
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1

1σ
+

=
+
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Now consider that for the GPS-only case, the initial position accuracy before 

adding the carrier phase data after a data outage will be given by the differential 

code accuracy (i.e., Codeδpσ σ= ).  However, for the integrated case, the initial 

position accuracy before adding the carrier phase data will be given by Equation 

(3.12).  The percentage improvement in δpσ  relative to the GPS-only case, %I , 

can therefore be written as 
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Returning to Equation (3.10), with a different a priori covariance −
1pδP  and −

2pδP , 
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which represents a priori covariance using the GPS-only and integrated 

strategies, respectively, the updated ambiguity states’ covariances are different. 

According to the property of Equation (3.11), −− − 21 pp δδ PP  is positive semi-definite. 

As such 

 

( ) DDDRAPPADDRDPP T
a

T
pp

T
a

T
aaa

1
21

142
21 120

−−−−++ −=− δδσλ  (3.14) 

 

Thus, improvements in δpσ  should translate directly into improvements in 

ambiguity resolution time following a data outage. Equation (3.13) can be 

considered as an analytical estimate of the ambiguity resolution improvement 

(relative to GPS-only), as a function of Codeσ  and INSσ . Note that the translation 

from Equation (3.11) to Equation (3.12) does not take the cross-correlation 

values into account, so that this relation is simply an analytical estimation under 

ideal conditions. Furthermore, Equation (3.13) does not account for phase 

measurement noise and assumes that the cross-correlation between position 

states and ambiguity states is very small. As discussed in the first paragraph of 

Section 3.3.3, this equation might be different since distinct integration strategies 

have different abilities to affect the other two factors which, in turn, affect the 

time to fix ambiguities after GPS outages. This will be further shown in Chapter 

Six. 

It is important to note at this point that the above analysis is based on a 



 

 

77

simplification of the equations to accommodate ideal conditions, which can be 

better represented by a tight coupling strategy as mentioned in Section 2.3.1. 

Tightly coupled integration provides for enhanced observability of the floated 

ambiguities when the inertial position error is sufficiently small via the cross-

correlation between the roving position error and floated ambiguities generated 

by the phase DD measurement (Scherzinger, 2002). As such, compared to 

loosely coupled integration, it has a faster converging filter. That implies that the 

analytical equation represented by Equation (3.13) is more suitable for tightly 

coupled integration, and the improvements gained through the use of loosely 

coupled integration is expected to be lower than the values computed using 

Equation (3.13). It is important to note that Equation (3.13) is capable of simply 

predicting the GPS-only ambiguity resolution improvements, and cannot be used 

directly to improve the ambiguity resolution in the GPS-only case. Thus, with a 

given system and data set, the ambiguity resolution performance of GPS-only 

has already been determined. The significance of Equation (3.13) is solely to 

predict how much improvement can ideally be expected compared to GPS-only 

with inertial aiding in terms of the free-inertial accuracy at the end of a GPS data 

outage. It should also be noted that in Equation 3.10, the covariance of the 

phase measurement noise is assumed to be negligible as compared to other 

factors inside the brackets. However, under certain conditions, the effects of 

phase measurement noise are not negligible; e.g., a weak signal is typically 

characterized by a very low GPS signal to noise ratio. Equation 3.13 might not 
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be applicable in such a situation. 

 

3.4 OVERVIEW OF GPS OBSERVABLES – GPS INTER-FREQUENCY 

CARRIER PHASE COMBINATION 

 

Following the above investigation of ambiguity resolution techniques, an 

overview of GPS inter-frequency carrier phase combinations available from dual 

frequency GPS carrier phase observations and relative errors is given in this 

section. According to the general rule of thumb that instantaneous ambiguity 

resolution is possible if the position accuracy (along the line-of-sight to the 

satellite) is known to better than half of the wavelength of the ambiguities being 

resolved (de Jong et al., 2002), the inter-frequency carrier phase combinations 

and relative errors will be evaluated with two different scales: cycles and metres. 

 

L1, L2 OBSERVATION: 

 

The simplified versions of the GPS L1 and L2 carrier phase observations can be 

presented as: 

 

1

111
1 ][

λ
ελρ CPINcycleCP +−+
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2

2
2

22
2 ][

λ
ελρ CPIqNcycleCP +−+

=  (3.15) 

 

where ρ  represents the geometric range plus troposphere, clocks and orbit 

error; 21λ  represents the wavelength associated with each frequency; 21N  is the 

corresponding cycle ambiguity; 21 CPCPε  is the carrier phase noise and multipath 

error associated with each frequency; I  is the ionospheric propagation delay on 

the L1 frequency; and q  is the ratio of L1 frequency to L2 frequency which is 

607721 =ff . Thus, the general expression for a linearly combined carrier 

phase observation is 

 

21, jCPiCPCP ji +=    (3.16) 

 

The wavelength of jiCP ,  can be expressed as 
1

21
,
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The observation for a linearly combined carrier phase observation can be 

presented as 
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where e  is the un-modeled error (multipath, noise, residual tropospheric error) 

combined of two frequencies, and ρ  is the double-differenced satellite to 

receiver range. When the measurement noise (including of carrier phase noise 

and multipath) of the phase linear combination exceeds a certain threshold, 

correct ambiguity resolution becomes difficult or highly unlikely. So the 

measurement noise of the linear combined observation is investigated in a 

generic manner as following. 

 

Assuming that the measurement noise of a L1 and L2 phase observation has 

the same portion of its wavelength in cycle (e.g. %α  un-differenced), the 

corresponding double-differenced measurement noise of L1 and L2 is: 
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Then the linear combined measurement noise will be: 
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The most commonly used linear combinations such as widelane (WL), 

ionosphere free (IF) and narrowlane (NL) consequently can be achieved 

according to previous equations and will be presented in detail as follows. 

 

WIDELANE COMBINATION ( 1,1, −== jiCPWL ): 
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With a very small ionospheric effect (in cycles) which is reduced to 17/60 of an 

L1 wavelength – meaning that, if the ionospheric bias on the L1 observable is 

one L1 cycle, the corresponding ionosphere error on the WL observable is only 

17/60 of a cycle.  Consequently, the widelane combination is more resistant to 

ionospheric errors (in cycles) than either L1 or L2 and is more reliable for 

ambiguity resolution under adverse ionospheric conditions. Despite the 

reduction in the impact of the ionospheric error in terms of the number of cycles, 



 

 

82

the widelane approach amplifies the ionospheric effect in metres 

( II
WL 60

77
60
17

1

=λ
λ

) and noise in the widelane observable. The result is a noisier 

position estimate, compared to the corresponding L1 or L2 case.  

 

NARROWLANE COMBINATION ( 1,1, == jiCPNL ): 
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The narrowlane combination (NL) has the unusual property of reducing the 

noise (in terms of metre units). This means that, after resolving NL ambiguities, 

the position accuracy will be increased. As a result, the narrowlane should give 

better positioning results than L1, WL and IF, if the ionospheric error is negligible. 

However, the decreasing of NL wavelength makes resolution of NL ambiguities 

very difficult. Further more, the narrowlane combination amplifies the 

measurement noise in cycle and the ionospheric effect which is equal to what 

widelane has. In thesis research, the narrowlane is not investigated further since 
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its integer ambiguity is difficult to resolve. 

 

IONOSPHERE-FREE (IF) COMBINATION (
2

1,1,
λ
λ

−== jiCPIF ): 
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Obviously, the removal of the first-order effects of the ionosphere is the main 

advantage of the ionosphere-free (IF) combination; however, the IF ambiguities 

are no longer integer in nature and must therefore be estimated as real-valued 

parameters. 

 

A detailed comparison of inter-frequency carrier phase combination is presented 

in Table 3.2 (Liu, 2002; Collins, 1999; Lachapelle, 2003). 

Table 3.2 Inter-frequency carrier phase combination characteristics 
Amplification 

(cycles) 
Amplification 

(length) 
jiCP ,  i  j  

ji,λ  ji ,1 λλ
 

noise ion |mp| noise ion |mp| 
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1CP  1 0 19.0 1 1 1 1 1 1 1 

2CP  0 1 24.4 0.78 1 1.28 1 1.28 1.63 1.28 

WLCP  1 -1 86.2 0.22 1.41 -0.28 1.41 6.42 -1.28 6.42 

NLCP  1 1 10.7 1.78 1.41 2.28 1.41 0.80 1.28 0.80 

IFCP  1 -77/60 48.3 0.39 1.26 0 1.26 3.23 0 3.23 
 

3.5 AMBIGUITY ESTIMATION PROCESSING STRATEGIES 

 

With the various combinations of observables discussed in the previous section, 

many ambiguity estimation processing strategies arise, as detailed in Liu et al. 

(2003) and Liu (2002).  

 

Table 3.3 given by Liu et al. (2003) presents eight different strategies in terms of 

ambiguities estimated and observables used. The pseudorange observable P  is 

used in every strategy and 2/1CP  represents the corresponding L1 or L2 carrier 

phase observable, while WLN /2/1  represents L1, L2 or widelane ambiguities 

 

 

 

 

 

Table 3.3 Processing Strategy Summary1 
Strategy Ambiguities 

estimated 
Observables 

used 
Ionosphere 
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1 1N  1CP P  
2 WLN  1CP 2CP P  
3 1N 2N  1CP 2CP P  
4 1N WLN  1CP 2CP P  

 
Not 

Parameterized 

5 1N WLN  (IF fixed) 1CP 2CP P  
6 IFN       (IF float) 1CP 2CP P  

Ionosphere-Free 
Combinations 

7 1N 2N  1CP 2CP P  
8 1N WLN  1CP 2CP P  

Stochastic 
Ionosphere Modeling 

1 Refer to Section 3.4, “Overview of GPS Observables”, for details on the 
advantages and disadvantages of each inter-frequency combination. 
 

The eight strategies shown in Table 3.3, can be separated into three categories. 

Strategies 1 to 4 belong to the first class, which does not take ionosphere bias 

into account. The second class consists of strategies 5 and 6. By using the IF 

observable, the second class can remove the first-order ionosphere bias and, by 

estimating ionosphere bias through stochastic ionospheric modeling, the third 

class, which contains strategies 7 and 8, can significantly eliminate the 

ionosphere bias. 

 

Based on the test results given by Liu et al. (2003) a further investigation into the 

advantages and disadvantages of different processing strategies is given as 

follows. 

1. WL ambiguity resolution is reliable as well as easier to resolve than both the 

L1 and L2 ambiguities. However, WL combinations cannot guarantee the 

optimal position results in terms of accuracy under conditions of high 
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ionospheric activity because of the amplification of ionospheric bias in the 

WL observable in units of metres. 

 

2. The IF combination observable or the stochastic ionosphere modeling 

processing strategies are more suitable for high ionospheric activity 

conditions for achievement of optimal position results. 

 

3. Because the WL ambiguity is easier to resolve than both the L1 and L2 

ambiguity, better position results can be achieved after the WL ambiguities 

are correctly fixed while L1 ambiguities are not fixed if L1 and WL 

ambiguities are estimated in the same filter, instead of L1 and L2 ambiguities. 

And since resolution of WL ambiguities can speed up the convergence 

speed of filters, this strategy is expected faster time to fix L1 ambiguities 

compared to Strategy 1 when the filter start from the same initial condition. 

This being said, start form same condition (same initial position, velocity, 

VCV and so on) the Kalman filter using strategy 1 and strategy 4 has 

different convergence speed with the filter of using strategy 4 faster. For 

instance, GPS-only Kalman filter using strategy 1 needs more time than that 

of using strategy 4 when the Kalman filters initialized with the same initial 

values (which is the case after GPS outage) to converge to same level. 

 

4. For Strategy 5, the reduced wavelength results in a longer time to fix the L1 

ambiguities, thus limiting the real-time use of this case. Furthermore, 

because of the slow convergence, Strategy 5 can obtain only an ionospheric-

free solution if the L1 ambiguities are not fixed. This effectively makes 

Strategy 5 unsuitable for practical purposes. So this strategy will not be 

implemented in the software used herein, and not be investigated in this 

thesis either. 
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5. By comparison, Strategy 1 can provide the accurate solution and typically 

used in most applications, but its success is dependent on several factors, 

such as measurement noise, residual tropospheric error, multipath and the 

ionospheric level. 

 

So, the strategy 1 will be investigated in Chapter Six with emphasize on short 

baseline results. Strategy 1, 2, 3, 4, 6, 7, 8 will be investigated in Chapter Seven 

to compare the performance of each strategy with presence large differential 

errors (long baseline).  
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CHAPTER FOUR - OPTIMAL BACKWARD SMOOTHING 

FOR BRIDGING POSITION ERROR DURING GPS OUTAGES 

 

GPS generally provides high quality carrier phase measurements (via tight 

coupling), and accurate position and velocity information (via loose coupling). 

However, in many cases, the GPS signal might be blocked or lost, which means 

that no update is available. If accurate positions are required during such 

outages, some bridging algorithms must be used for estimating improved 

positions for these periods (Nassar, 2002). One of the bridging methods, namely 

optimal backward smoothing, is profiled in this chapter.  

 

4.1 INS/GPS EXTENDED KALMAN FILTER 

 

As discussed in Chapter Two, more detailed information about the system and 

measurement model can be found in Wu (2003). The discrete error model and 

measurement model can be written as 
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[ ]TdbεvpX δδδ =  represents the Kalman filter error states. Double-

differenced ambiguity correction states should be added in tightly coupled mode. 

The parameters in Equation (4.1) are interpreted as follows for the purposes of 

convenience: 

 kXδ   is the system error state vector to be estimated at time tk, 

 1, −Φ kk  is the system state transition matrix, 

 1−kW   is the vector of the system input random noise, and 

[ ] kjk
T
jkE δQWW =  where 

⎩
⎨
⎧

≠
=

=
kj
kj

kj ,0
,1

δ , kQ  is system noise covariance matrix, 

kZδ   is the vector of the system observations (measurement update) at 

time tk, 

kH   is the design matrix relating the system measurements to the 

system error states, and 

kV   is the vector of measurements random noise. And [ ] kjk
T
jkE δRVV =  

where 
⎩
⎨
⎧

≠
=

=
kj
kj

kj ,0
,1

δ , kR  is the measurement noise covariance 

matrix. 

 

It should be noted that the measurement model depends on whether a loosely 

or tightly coupled strategy is used.  
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For optimal estimation of the SINS error state vector components, an 

Extended Kalman Filter (EKF) is used herein; the discrete EKF algorithm can be 

summarized as 
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  (4.2) 

 

Equation (4.1) is the result of the perturbed system represented by Equation 

(2.15). After achieving the optimal estimation 1
ˆ

−kXδ , 1
ˆ

−kXδ  is used to correct the 

mechanization results. Thus, 1
ˆ

−kXδ  is always zero, which means that the first 

step in such prediction is always zero. 

 

0X ≡−1,
ˆ

kkδ        (4.3) 

 

As seen in Equations (4.2) and (4.3), in the case of SINS/GPS integration, the 

state vector can be estimated with GPS measurement updates. In case of a 

GPS outage, no GPS measurement updates are available. Therefore, the 

measurement noise covariance matrix kR  in Equation (4.2) can be considered 
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to equal infinity ∞  and, hence, the Kalman gain matrix kK  in the same 

equation will be zero. Consequently, during GPS outage intervals, the updated 

Equation (4.2) will take the following forms: 

 

11,11,1,

1,
ˆˆ

−−−−−

−

+ΦΦ==

≡=

k
T
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kkk

QPPP

0XX δδ
  (4.4) 

 

This being said, the mechanization solution error continually grows and the error 

correction cannot be estimated until GPS updates become available again. 

  

4.2 BACKWARD SMOOTHING ALGORITHMS 

 

In the previous section, optimal estimation of the error states vector at epoch k, 

provided by EKF, is obtained using measurements that are available only up to 

epoch k. Optimal Backward Smoothing (BS), however, allows an optimally 

smoothed estimation of the state vector at epoch k using all or some of the 

measurements that are available before and after epoch k. Basically, the BS 

algorithm could be considered as an means of optimally combining forward 

estimation and backward estimations. With this in mind, the development of an 

optimal smoother algorithm is presented in this section. For simplicity’s sake, 

Xδ  and Zδ  will be referred to as X  and Z , respectively, in the following  
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discussion. 

 

4.2.1 SMOOTHER BASIC 

 

In late 1950s, many needs in applications such space navigation, statistical 

communication theory, made Wiener filter (Wiener, 1949) comes into reality.  

Kalman in 1961 introduced Kalman filter which can be mechanized easily on the 

present-day digital computer. These two filters were very closely bonded to 

navigation application since they were introduced, major reason of that is both 

filters can predict and estimate optimal solution. However, Kalman did not 

consider the important problem of smoothing, which obviously has very good 

potential ability to be used in navigation application too. Before Wiener filter, 

Kalman filter and smoother applied in GPS/INS integration, they are mainly 

applied in control application. 

    

In practice, all measurements are achieved in finite time duration. Thus, the 

most effective and reasonable smoothing method will take advantage of all 

measurements in this duration and to estimate all states in this duration – this is 

referred as Fixed Interval Smoothing. A basic BS method which uses variance 

weight forward and backward solution as optimal solution is investigated in this 

section. As mentioned above, the forward Kalman filter generates the optimal 

estimate at any time based on all past measurements and it does not use any 
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information in future measurements. A Kalman filter running backward in time 

(referred to as a backward Kalman filter) from some end time T  will exhibit a 

similar optimality with respect to future measurements, which is shown in Figure 

4.1. 

 

Figure 4.1 Forward and Backward Kalman Filter 
 

Figure 4.1 shows the basic principle on which both forward and backward 

Kalman filtering is based. The subscripts, f and b, represent forward and 

backward operations, respectively.  

 

By definition, the smoothing is seeking a combination of these two estimates 

that optimally uses all measurements in the fixed interval [ ]T,0 . The combination, 

which has to be linear in this case, can be defined as  
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where subscripts “s”, “f”, “b” represent smoothed estimation, forward 

estimation and backward estimation, respectively; and “^” and “~” represent 

estimated solution and estimation error, respectively. The smoothed estimation 

should be unbiased; hence AIB −=  and 0=−+ IBA . Then the estimation 

error in Equation (4.5) above can be rewritten as 

 

( ) ( ) ( ) ( )tAItAt bfs XXX
~~~ vvv

−+=   (4.6) 

 

The coefficients A  and AI −  were given as follows by Scherzinger (2004): 
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the corresponding VCV matrix of smoothed solution were given as (Scherzinger, 

2004):  
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or  

 

( ) ( ) ( )ttt bfs
111 −−− += PPP   (4.9) 

 

The above implies that the optimal smoothed information is always better than 

the information in either the forward or backward filter. Hence optimal smoothing 

will always improve the estimation error. However, smoothing is performed after 

the filtering stage. Hence all smoothing algorithms will be dependent on the 

filtered solution obtained. Thus, accurate filtering is required for accurate 

smoothing. As mentioned in Section 2.3.1, the tightly coupled GPS/INS filter and 

loosely coupled INS filter perform essentially the same during complete GPS 

outages. Hence, backward smoothing is applied only with the tightly coupled 

strategy in this research. The result based on use of a loosely coupled strategy 

is expected to be the same as that obtained through use of a tightly coupled 

strategy. 

 

4.3 RAUCH-TUNG-STRIEBEL (RTS) SMOOTHER 

 

Based on the theory mentioned in Section 4.2, Rauch et al. (1965) introduced 

the Rauch-Tung-Striebel (RTS) smoother. The RTS smoother consists of 

algorithms taking advantages of both forward sweep information and backward 
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sweep information. The forward sweep is the common Kalman filter 

represented as 
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Store information from Equation (4.2) during forward Kalman filtering the new 

measurements 1,
ˆ~

−−= kkkkk XHZZ ; gain matrix [ ] 1
1,1,

−

−−
∗ += k

T
kkkk

T
kkkk RHPHHPK . 

The backward sweep begins at the end of the forward filter (i.e. at epoch N) with 

the initial conditions of f
N

s
N XX ˆˆ vv
=  and f

N
s
N PP = , Where superscript “s” and “f” 

represent forward Kalman filter and backward smoother, respectively. The RTS 

algorithm equations are developed as follows: 

 

The smoothed results will take advantage of all measurements after epoch k to 

generate optimal estimate of epoch k, which can be represented as: 
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By definition the Equation (4.12) can be re-written as: 
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thus 
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Equation (4.16) subtract  kX  on both side then we get: 
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Equation (4.17), then the smoothed covariance matrix is as following: 
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Summarized from above the RTS smoother can be written as following: 

 

( )
( )
( ) T

k
f

kk
s
kk

f
k

s
k

f
kk

T
kk

f
kk

f
kk

s
kk

f
k

s
k

GPPGPP

PΦPG

XXGXX

,11

1
,1,1

,11
ˆˆˆˆ

++

−

++

++

−+=

=

−+=
vvvv

 (4.19) 

 

It should be noted that, in this particular research, since the extended Kalman 
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filter is used, the predicted states vector f
kk ,1

ˆ
+X

v
 in forward Kalman filtering is 

always zero. 

 

In general, the RTS smoother propagates the smoothed solution directly, using 

the forward Kalman filter states, covariance and model parameters as inputs.  
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CHAPTER FIVE - FIELD TESTING DESCRIPTION AND 

DATA PROCESSING 

 

One field test conducted in a modified passenger van is discussed in this 

chapter. Two base stations were set up during the data collection run, one of 

which provides a short baseline (about 8 km), and the other a long baseline of 

about 80 km. The corresponding tests are denoted as the Short Baseline Test 

and Long Baseline Test, and the results using corresponding data are denoted 

as Short Baseline Results and Long Baseline Results. Results from the modified 

software under distinct integration scenarios using short baseline data are 

presented in this chapter to verify the quality of the GPS-only and INS/GPS 

integrated solutions. Results of the long baseline test are presented in Chapter 

Seven to illustrate how different ambiguity processing strategies perform in the 

presence of large differential errors. The discussion begins with the use of short 

baseline data to achieve a reference trajectory. 

 

5.1 SYSTEMS OVERVIEW 

 

5.1.1 EQUIPMENT AND FIELD TESTING 
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A field test was performed by the Mobile Multi-Sensor Research Group of 

the Department of Geomatics Engineering at the University of Calgary in 

conjunction with NovAtel Inc. This test was conducted on July 18, 2003 near 

Balzac, which is north of Calgary in an area which provided good satellite 

visibility. The remote GPS reference station data collection, which provided long 

baseline results, was conducted using the Three Hills station of the Southern 

Alberta GPS Network (SAN). SAN is a network of 14 dual-frequency GPS 

receivers covering part of southern Alberta which collects GPS data on a 

continuous basis (Dao, et., al. 2004, Dao, 2005).  The data from four stations is 

available in real-time and can be used for a variety of purposes, including real-

time kinematic (RTK) testing in single and multiple reference station modes as 

well as for atmospheric studies (Dao, 2005; Dao, et., al. 2004; Alves, 2004; 

Skone and Hoyle). The stations filled with blue color in Figure 5.1 shows the 

position of the SAN reference station used in this particular test, the local 

reference station and the test area as well. The distance between remote and 

local reference stations is about 80 km. 
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Figure 5.1 Southern Alberta Network, Local and Remote Base 
 

The remote and local GPS reference stations are as shown in Figure 5.1 and 

Figure 5.2.  The baseline length to the local reference station during the test was 

a maximum of eight kilometres, while the baseline length to the remote 

reference during the test was about eighty kilometres. Figure 5.3 shows the Kp 

index for the day of the test as well as for two days on either side of the test day. 

As shown, the Kp index for the period of the test is relatively low considering that 

the Kp index has a range from zero to nine (GFZ-Potsdam, 2004). 

 

The coordinates of the local base station were computed using Bernese 
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software (Hugentobler et al., 2005) with more than 5 hours carrier-phase 

measurements respect to Three Hill base station which is used as the other 

base statioin in this test. The accuracy given by Bernese is at mili-metre level, 

thus the relative accuracy of two base stations used herin is expected very high. 

   

The HG1700 rover GPS antenna and an LN200 IMU were mounted on the roof 

of the test van as shown in Figure 5.4. The short baseline results can provide an 

accurate CDGPS/INS integration solution which could be used as a reference 

for evaluating the integrated system (the next two chapters contain details of 

their implementation). Ionospheric conditions during the test are not considered 

to be significant for the short baseline data, taking into consideration the 

baseline length and the Kp index value. Appendix D gives the estimated 

ionospheric delay for the short and long baseline conditions, respectively. The 

estimated ionospheric delay was about 1 ppm during the data collection.   

 
Figure 5.2 GPS Reference Remote (left) and Local (right) Station Setup 
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Figure 5.3 Kp Index Before and After Data Collection Period 

 

Figure 5.4 Test Hardware Setup Showing the Rover GPS Antenna, the HG1700 
IMU and the LN200 IMU 



 

 

105

One data collection run was performed, which began with a static 

initialization period of about 5 minutes followed by about 40 minutes of driving. 

The vehicle trajectory during the test, relative to the local reference station, is 

shown in Figure 5.5 (the trajectory was traversed twice) in which black arrows 

denote the direction of travel. Vehicle speeds varied from 0 to 110 km/h (30 m/s) 

as shown in Figure 5.6, which plots the estimated vehicle velocity versus time 

for the complete run after the initial alignment period. 

 

Figure 5.5 Test Trajectory with respect to Local Reference Station 
 

The local reference station was overlapped with the start and end points in 

Figure 5.5 above. As can be seen, the longest baseline length is about 8 km. 
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The reason for setting the end point very near the start point in the test is to 

verify the correctness of ambiguities. The trajectory comprised most dynamics 

typical of vehicle motion such as left, right and U-turns, acceleration and de-

acceleration; the trajectory included no sudden stops or large changes in 

elevation or grade. 

 

Figure 5.6 Estimated Vehicle Velocities Using Tight Coupling Short Baseline 
Solution 

  

The NovAtel OEM4, which is high quality dual-frequency GPS receiver capable 

of generating low noise code, Doppler and carrier phase measurements, was 

used at each of the GPS reference stations (Novatel, 2005a). Two rover GPS 
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OEM4 receivers were mounted in the test vehicle and integrated with each 

of the HG1700 and LN200 IMUs. The IMU data from both systems was received 

and time-tagged by the corresponding GPS receiver before being output through 

one of the receiver’s serial ports. This process eliminates any significant timing 

discrepancies between the GPS and IMU data. When processing the data, the 

GPS data used was from only one of the receivers in the test vehicle, thus 

allowing for a fair comparison. All GPS receivers (at the reference and remote 

stations and the rover receivers) used NovAtel 600 series antennas (Novatel, 

2005b).  Some of the more relevant performance specifications for the IMUs 

tested are as shown in Table 5.1. 

 

Table 5.1 IMU Specifications 
Parameter HG-17001 LN-2002 

Gyro Bias (deg/h) 1~10 1~10 

Angular Random Walk (deg/√h) (max) 0.152 0.04~0.1 

Accel Bias (m/s2) 9.8e-3 2e-3~9.8e-3 

Velocity Random Walk (m/s/√h) (max) 0.0013 0.001 
1 Honeywell (1997) 
2 Litton Inc. (2004) 
 

The coordinates of the local GPS reference stations were computed using 

differential carrier phase positioning techniques and are considered accurate to 

within several centimetres. 
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5.1.2 PROCESSING SOFTWARE 

 

Data was processed using the University of Calgary’s Satellite And Inertial 

Navigation Technology (SAINTTM) software (Petovello et al., 2004). With 

different combinations of inter-frequency observables (Liu, 2002; Collins, 1999), 

many ambiguity estimation processing strategies are possible (Liu et al., 2003; 

Liu, 2002) after the software being modified (the original version SAINTTM only 

process L1 only and WL only strategies shown in Table 5.2 as Strategies 1 and 

2). A summary of ambiguity processing strategies is presented in Table 5.2. The 

modified SAINTTM software can process carrier phase observables using any of 

the strategies shown in the table. Compared to those strategies in Table 3.3, 

only Strategy 5 in Table 3.3 is not implemented in SAINTTM, since it was not 

suitable for practical purposes as mentioned in Chapter Three.  

 

It should be noticed that in strategy 6 and 7, Ionospheric error is modeled as first 

order Gauss-Markov process and treated as error states in GPS or GPS/INS 

Kalman filter (Liu, 2002). 
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Table 5.2 SAINTTM Ambiguity Processing Strategy Summary 
Strategy Ambiguities 

estimated 
Observables 

used 
Ionosphere 

1 1N  1CP P  
2 WLN  1CP 2CP P  
3 1N 2N  1CP 2CP P  
4 1N WLN  1CP 2CP P  

 
Not 

Parameterized 

5 IFN  (IF float) 1CP 2CP P  Ionosphere-Free Combinations 

6 1N 2N  1CP 2CP P  
7 1N WLN  1CP 2CP P  

Stochastic 
Ionosphere Modeling 

 

Since the Short Baseline Test provided baseline lengths of less than 10 km, and 

considering that the Kp index is about 3 which means ionospheric error is at a 

low level, the ionospheric error was assumed to be about 3 ppm (parts per 

million). The maximum position error caused by the ionosphere is about 3 cm. 

This conjecture is supported by the residual analysis included in Section 5.2.  In 

light of this, for the Short Baseline case the L1 carrier phase ambiguities were 

amenable to direct resolution. As such, the reference trajectory was therefore 

processed using the Strategy 1 which incorporated L1 carrier phase data, as 

well as L1 C/A code and Doppler measurements, using the double-difference 

technique. The GPS integer ambiguities are resolved using the LAMBDA 

method (Teunissen, 1994). In the long baseline case, the ionospheric error 

becomes the dominant error source. There is a very good chace to not be able 

to resolve the L1 and L2 ambiguities. The position error performance using 

different ambiguity resolution strategies in the long baseline case will be further 
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investigated in Chapter Seven. 

 

5.2 REFERENCE TRAJECTORY GENERATION 

 

In order to assess the performance of the two systems and the long baseline 

solution, a reference trajectory is needed. To determine a reference trajectory, 

all of the GPS and INS raw measurements of short baseline data were 

processed together using the tightly coupled integration strategy. The tightly 

coupled solution was favoured over a GPS-only solution because the GPS-only 

solution is output only at 1 Hz, while the tightly coupled solution is output at 

10 Hz. Moreover, the trajectory was computed using all available information 

and should thus be of the highest quality. Thereafter, the RTS optimal 

smoothing technique was used to improve the accuracy. The accuracy of this 

solution is dependent on two factors. One is the GPS kinematic carrier phase 

differential solution accuracy which will define the absolute accuracy of the 

system. The other is the relative accuracy of the INS which will then determine 

how this initial GPS error is propagated forward in time between GPS data 

updates. Since the accuracy of the GPS solution is fairly well known - floating 

ambiguity solutions can provide decimetre accuracy while fixed integer solutions 

are capable of centimetre accuracy over short baselines (Cannon, 1997) - the 

reference trajectory is considered to be centimetre-level since almost all of the 
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ambiguities were fixed and maintained throughout the run. The only 

exceptions were a few instances when at most three ambiguities (of nine) were 

temporarily lost but were recovered no more than 5 seconds later. An analysis of 

the residuals during the run (see Section 5.2.1 below), and the static position at 

the start and end of the run (shown in Figure 5.5), indicate that the ambiguities 

were indeed resolved correctly. The following subsections analyze the quality of 

the truth trajectory after initial fixing of the ambiguity. First, the quality of the 

GPS-only solutions is investigated followed by an analysis of the integration 

solutions. A comparison of different integration approaches is also included to 

illustrate their differences. All investigations in this section focus only on the 

short baseline solution.  

 

5.2.1 SHORT BASELINE GPS-ONLY SOLUTION 

 

The GPS-only solution is investigated in this section in order to assess the GPS 

data quality and ionospheric error effects. 

 

This section provides the carrier phase differential solution from the software 

using the short baseline data. For the short baseline case, as mentioned above, 

the L1 ambiguity can be easily resolved. Since the L1-only strategy provides the 

highest accuracy, the GPS data was processed using L1 carrier phase and the 

majority of ambiguities were resolved to their integer value and maintained 
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through the run in this particular case (as shown in Figure 5.7). The only 

exceptions were a few instances when at most three ambiguities (of nine) were 

temporarily lost but were recovered at most 85 seconds later. Thus, the GPS-

only solution is considered to be at the centimetre-level. To help confirm this, the 

upper plot in Figure 5.7 shows the absolute L1 carrier phase residuals as a 

function of time for the satellites whose ambiguities are fixed, as computed using 

the GPS-only strategy. Also shown on the plot is the distance of the vehicle from 

the reference station. The number of satellites available above a cut-off angle of 

10 degrees and the number of satellites whose ambiguities are fixed are shown 

in the lower graph.  Baseline lengths of approximately zero occur when the 

vehicle is stationary next to the reference station.  

 

Throughout the data set, the L1 carrier phase residuals are about 2 to 3 cm, and 

do not change with baseline length. This being said, the ionospheric effect is 

considered negligible in this short baseline case and the only remaining errors 

using double differencing are those due to multipath and noise. Although the 

residuals are typically 2 to 3 cm, there are some cases when they are larger 

than 3 cm and even up to 4.8 cm at one epoch. It was found that in all cases 

when the phase residual was larger than 3 cm occurred with low elevation 

satellites; typically less than 15 degrees (see Appendix A which shows the DOP 

values and satellite elevation angles during the test for more details). The larger 

ambiguity residuals are therefore most likely caused by multipath errors since 
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the GDOP values shown in Figure A.1 changes very little (from 2 to 1.8) 

after local time 10:20. Also, as shown in Figure A.2, it can be concluded that 

from GPS time 490400 s to 492100 s (10:13 AM to 10:42 AM local time) there 

were several GPS satellites at very low elevation angles (around 10 to 15 

degrees, 3 satellites are dropping in and 3 satellites are dropping out), that 

potentially gave nosier GPS measurements during that time. 

 

Finally, it can be also seen in the lower plot of Figure 5.7 that the majority of L1 

carrier phase ambiguities were fixed and maintained throughout the test run. As 

mentioned above, at some epochs some of the ambiguities were lost and then 

recovered very quickly. However, given the number of visible satellites, if 

ambiguities from only a few satellites are lost the influence on the ultimate 

positioning accuracy is negligible. Given the above, the GPS-only solution can 

be assumed to be accurate to the 2 to 4 cm level at all times.  
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Figure 5.7 Absolute Value of GPS-Only Solution Fixed Ambiguity L1 Carrier 
Phase Residuals vs. Baseline Length without Data Outages (upper plot); 

Number of Satellites Visible, and Number of Satellites with Ambiguities Fixed 
(lower plot) 

 

5.2.2 SHORT BASELINE INS/CDGPS INTEGRATION SOLUTION 

 

The above analysis focused on the GPS-only solutions, since this will ultimately 

determine the absolute accuracy of the integrated system. However, an 

assessment of the integrated system performance is also important. Moreover, 

the GPS-only solution can only provide a 1 Hz output. A good indication of the 

quality of the integrated solution is the magnitude of the corrections applied to 
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INS position and velocity states, as well as the fixed ambiguity L1 residuals. 

 

Table 5.3 shows the RMS three-dimensional corrections to the position and 

velocity error states for each run. Since the corrections are an indicator of the 

smoothness of the trajectory over time, it can be seen that the trajectories are 

smooth to about the centimetre level in position. Furthermore, since the GPS 

solutions analyzed above will determine the absolute accuracy of the system, 

the truth trajectories are assumed to be accurate to within 2 to 4 cm at all times. 

In addition, the required correction to INS using the HG1700 is 3 mm higher than 

that using the LN200. This implies that the LN200 has lower inherent noise than 

the HG1700. 

 

 Table 5.3 RMS of Corrections to INS Position and Velocity Errors States Using 
a Tight Integration Without Data Outages 

Corrections HG1700/CDGPS LN200/CDGPS 

Position 9 mm 6 mm 

Velocity   5 mm/s   2 mm/s 

 

COMPARISON OF LOOSE AND TIGHT INTEGRATED SOLUTIONS 

 

As mentioned in Section 2.3.1, the loose and tight integration approaches can 

be assumed to be almost equivalent under ideal situations. This section 
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investigated different integration approaches’ differences in practical 

situations by comparing the solution of each integration approach. Table 5.4 

shows the difference between the loosely and tightly coupled solutions. As can 

be seen, the difference between the two solutions is at the millimetre level. 

These differences are most likely because the tight integration approach has 

better ability to smooth the GPS noise than loose integration does (Petovello, 

2003). For greater clarity, the implications of this concept are revisited below.  

 

Table 5.4 RMS Difference Between Positions Computed Using Loose and Tight 
Integration Strategies without Data Outage 

Axis HG1700/CDGPS LN200/CDGPS 

East 2 mm 1 mm 

North 1 mm 1 mm 

Up 2 mm 1 mm 
 

Table 5.5 shows the RMS statistics of the fixed L1 carrier phase residuals for the 

GPS-only, loose and tight integration solutions respectively. The RMS of the 

fixed L1 carrier phase residuals using the tightly coupled strategy is larger than 

that of using either the loosely coupled, or GPS-only, strategies. This helps to 

confirm that the position differences in Table 5.4 are caused by high-frequency 

errors in the measurements. Furthermore, it implies that the tight integration 

approach is better able to filter the GPS measurements. Specifically, since the 

ambiguity has been fixed, more high-frequency measurement noise is forced 
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into the residuals, and not into the position estimates as in the case of loose 

integration. Although it can filter the GPS noise using INS position and velocity 

seeding - the ability of the loosely coupled strategy to filter GPS noise is weak. 

This can be confirmed by reference to Table 5.5 that the RMS of the fixed L1 

carrier phase residuals are the same using either the GPS-only or loosely 

coupled strategies. Overall, the two integration approaches can be assumed to 

be equivalent under ideal conditions (e.g. with no measurement noise), with the 

tight integration approach providing the smoother trajectory. This being said, 

although the loosely coupled strategy and tight coupling have very similar 

performances in the position domain, they have different abilities to filter GPS 

measurement noise. As can be seen in Table 5.5, the mean of the absolute 

fixed L1 residuals using either the loosely coupled or GPS-only strategy are at a 

level of 7 mm for both the HG1700 and LN200 systems. However, that of the 

tightly coupled strategy is 1 mm and 2 mm higher for the HG1700 and LN200 

systems, respectively. This implies the ability to filter GPS measurement noise is 

related to the quality of the IMU. 

 

Table 5.5 Mean of Absolute Fixed L1 Carrier Phase Residuals Computed Using 
Different Integration Strategies 

Mean Absolute Residuals HG1700/CDGPS LN200/CDGPS 

GPS-only  7 mm 7 mm 

Loosely Coupled  7 mm 7 mm 

Tightly Coupled  8 mm 9 mm 
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Given the above, the tightly coupled short baseline solution as a reference 

trajectory is considered to be accurate to the 2 to 4 centimetre level.  

 

5.2.3 GPS DATA OUTAGE SIMULATION 

 

To assess the GPS/INS performance in terms of (i) position accuracy, and (ii) 

integer ambiguity resolution during and after GPS data outages, nine complete 

data outages were simulated during post-mission processing. The GPS data 

outages were selected to encompass a wide range of vehicle dynamics, from 

(approximately) constant velocity to relatively large along-track and lateral 

accelerations. In this way, the evaluation of the GPS/INS integrated systems is 

done over a wide range of operational conditions. To help clarify this, Figure 5.8 

shows the baseline length as a function of time (i.e., same as the top plot in 

Figure 5.7) along with the starting points of each of the simulated data outages. 
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Figure 5.8 Baseline Length and the Starting Points of each of the Simulated 
GPS Outages 

 

The duration of the simulated GPS data outages was varied from 2 to 100 

seconds to help determine: 

 

1 The length of time over which the different INS’s can provide instantaneous 

ambiguity resolution compared to the GPS-only solution; and  

 

2 The length of time over which the different INS’s are able to assist in the 

integer ambiguity resolution process, even if instantaneous ambiguity 
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resolution is not possible. 

 

It is noted that only one data outage was simulated per processing run.  In this 

way, the best available position is available prior to each outage.  By way of 

contrast, if multiple outages were simulated over each processing run, then the 

effect of any one outage may influence the performance subsequently obtained.  

Although this approach will yield fairly optimal results, it represents a fair method 

with which to compare the two systems tested. It is also should be noted that 

complete GPS outages are simulated simply by setting the elevation cut off 

angle to 90 degrees at some epochs. However, in reality GPS outages are 

generally precluded by a deterioration of the measurements. Thus these results 

based on simulated GPS outages are not necessarily representative of real GPS 

outages in the strictest sense.   

 

5.2.4 DATA ANALYSIS STRATEGY 

 

The results obtained during the simulated GPS outages are compared with the 

reference solution. The position accuracy during the data outages (i.e., the free-

inertial solution) is assessed by means of a comparison with the reference 

trajectory. Since the reference trajectory is accurate to the centimetre-level, the 

resulting position difference is almost entirely due to errors in the INS in the 

absence of GPS updates (i.e., to the free-inertial error). The free-inertial solution 
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accuracies are a reliable indicator of system functioning when comparing 

two integrated systems in the position domain since they are affected only by 

the performance of the IMU’s.  

 

When the GPS data is re-introduced at the end of the data outage, the 

necessary GPS ambiguities must be re-resolved. Once these are resolved to 

their integer values, they are compared with the reference ambiguity values to 

ensure their veracity. Also of interest in this regard is the time required for the 

ambiguities to be resolved to their integer values, relative to the GPS-only case, 

with shorter times indicating greater relative improvement. Since the exploitation 

of the integer nature of the GPS carrier phase ambiguities is what allows for 

high-accuracy position estimates in a reasonable time period, the ambiguity 

resolution procedure is critical.  The ambiguity resolution process is highly 

affected by the size of the ambiguity search space, which is related to the 

covariance matrix of the estimated ambiguities (Teunissen et al., 1996). 

 

To assess the above performance parameters, complete GPS data outages 

were simulated during post-processing by artificially rejecting all satellites in 

view. In many cases, kinematic applications which would benefit from the 

inclusion of inertial measurements the most are those requiring an 

instantaneous or nearly instantaneous ambiguity resolution to become 

successful (Skaloud, 1998). With this in mind, the time taken to fix ambiguities 
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after different durations of complete GPS data outages is investigated to 

evaluate the improvements in ambiguity resolution resulting from the addition of 

inertial data. 

 

The above data processing routine was repeated for each of the different 

GPS/INS integration systems – namely, the GPS/HG1700 and GPS/LN200 – 

and repeated for each of the different integration strategies, namely loose 

coupling and tight coupling. The corresponding results are presented in Chapter 

Six. 

 

In many cases, the use of a short baseline such as would be found on shipboard 

navigation applications, is not practical. Thus the performance under the 

different ambiguity resolution processing strategies under long baseline 

conditions (in the presence of large differential errors) is also investigated. Since, 

in the long baseline case, only the WL ambiguities can be resolved, the results 

achieved using long baseline data are compared with the reference trajectory 

only in position domain. The corresponding results are presented in Chapter 

Seven. 
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CHAPTER SIX - PERFORMANCE COMPARISON OF 

TWO INTEGRATED SYSTEMS 

 

The short baseline data results are presented in this chapter to compare the 

performance of the two integrated systems in position and ambiguity domain. 

Furthermore, the ambiguity resolution improvements with the aiding of inertial 

data have also been investigated. In doing so, an analytical relation mentioned 

in section 2.3.2 between ambiguity resolution improvements with aiding of 

inertial data and INS system performance in position domain is verified using 

two different INS. The RTS smoother’s ability to bridge the position error during 

and after GPS outage is presented as the final step in this analysis. The 

performance of the two systems is assessed in terms of position accuracy and 

ambiguity resolution, as discussed in the following sections. 

 

6.1 COMPARISON IN POSITION DOMAIN 

 

To compare the free-inertial positioning capability of the two integrated systems 

during data outages, the 3-D position errors were computed as a function of the 

time elapsed since the most recent GPS update for each simulated outage. The 

RMS position error across all nine simulated data outages was computed and is 
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assumed to be a good indicator of the ability of the two systems to bridge 

data outages. The top plots in Figure 6.1 and Figure 6.2 show the RMS position 

error of the tight coupling solution obtained from L1 data, during complete GPS 

outages. Also shown is the average estimate of the filters’ 3-D standard 

deviation (STD) (across all nine outages) of each integrated system. As can be 

seen, the estimate of the filter’s 3-D STD agrees reasonably well with the RMS 

of the position error, although the estimated error appears to be slightly 

pessimistic. The agreement between the actual and estimated errors suggests 

that appropriate model parameters were used for modeling the system error 

states. More detailed analyses for the selection of the IMU sensor error model 

parameters can be found in Appendix C. Since the errors appear to be well 

modeled in both systems, and all other processing parameters were the same 

(Appendix C), the primary explanation for the different performance between the 

systems is the quality of the IMU sensor. Finally, it is noted that, although the 

results in Figure 6.1 and Figure 6.2 are for the tight integration approach only, 

the results obtained using loose integration are nearly identical, and were 

therefore omitted for clarity.  

 

It is noted that the middle and bottom plots in Figure 6.1 and Figure 6.2 zoom 

the upper plot in y-axis with the same scale on x-axis, in doing so, clearer 

relation between RMS position error and time into GPS data outage can be seen. 
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Figure 6.1 GPS/HG1700 Integrated System 3-D RMS Errors and Average 
Estimated Standard Deviations during All Complete Data Outages Using L1 

Carrier Phase Updates and a Tight Integration 
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Figure 6.2 GPS/LN200 Integrated System 3-D RMS Errors and Average 
Estimated Standard Deviations During All Complete Data Outages Using L1 

Carrier Phase Updates and a Tight Integration 
 

To begin the analysis, let us consider the RMS position error as a function of 

time.  As seen in Figure 6.1 and Figure 6.2, the errors grow quadratically, as 

expected.  Upon closer inspection, the HG1700 and LN200 systems are seen to 

provide 10 cm accuracy for approximately 6 and 8 seconds, respectively.  

Furthermore, the errors grow to 2 m after about 36 and 49 seconds, respectively.  

For longer data outages, the position errors grow quite rapidly to a maximum of 

20 and 10 m after 100 seconds, respectively.  Overall, this type of performance 
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compares well with previous investigations. Specifically, for purposes of 

comparison, in Petovello (2003a) the 3-D positioning error reached 10 cm and 

2 m after approximately 6 and 40 seconds, respectively, using the HG1700 unit.  

Similarly, Scherzinger (2000) obtained 3-D errors of 10 cm and 1.8 m after 10 

and 60 seconds, respectively, using an LN200 combined with other sensors 

(hence the slightly better performance than observed herein). 

 

Now, recall that one of the objectives of this chapter is to correlate free-inertial 

positioning accuracy and ambiguity resolution improvements after data outages 

(relative to GPS alone).  As a first step in accomplishing this, a correlation 

between the free-inertial positioning accuracy and the GPS-only positioning 

accuracy should be obtained. More specifically, a relationship between the 

estimated free-inertial position accuracy and the estimated GPS-only code 

accuracy is desired (i.e., relate the free-inertial and GPS 3-D STD values).  The 

reason for this is threefold.  First, from a system design and analysis standpoint, 

being able to use estimated position accuracies (e.g., from covariance 

simulations) is very pragmatic. Second, after a GPS data outage, the estimated 

GPS-only position accuracy will be determined almost exclusively by the 

differential code measurements (while the carrier phase data will be used 

primarily to estimate the ambiguity states).  As such, the differential code 

accuracy directly defines the size of the GPS-only ambiguity search space.  

Third, the estimated differential code accuracy is easily computed and is thus 
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available for potential use in the processing software (whereas the actual 

positioning error is not available). In light of this, the GPS-only 3-D STD was 

computed for all epochs for the data set under consideration.  The average 

value across the data set was then computed to be 1.8 m (1σ).  This value is 

used in the subsequent analysis. It should be noted that the average GPS-only 

3-D STD of 1.8 m is computed on the basis of the data used herein. This is not a 

universal value and should not be expected to occur when using a different GPS 

data set. 

 

With the above analysis in mind, the subsequent analysis (in this section) 

focuses on the estimated free-inertial accuracy relative to the GPS-only case.  

The middle graphs of Figure 6.1 and Figure 6.2 (which are zoomed versions of 

the top graphs) show that the estimated 3-D STD of the free-inertial solution is 

as good or better than 1.8 m (i.e., the GPS-only 3-D STD) for data outages 

lasting up to about 26 s and 40 s for the HG1700 and LN200 systems, 

respectively. In turn, this should relate to improvements in ambiguity resolution 

times after GPS outages (see Section 6.2 for an in-depth treatment of this issue). 

Finally, the estimated accuracy of the free-inertial solution is as good or better 

than 10 cm for data outages lasting up to 2 s and 4 s for the HG1700 and LN200 

systems, respectively. 
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Having correlated the free-inertial and GPS-only accuracies, the following 

section attempts to further correlate free-inertial performance with ambiguity 

resolution performance. 

 

6.2 COMPARISON IN THE AMBIGUITY RESOLUTION DOMAIN 

 

As a first step in assessing the ambiguity resolution performance of the 

integrated systems, Figure 6.3 and Figure 6.4 show the average time needed to 

resolve the L1 carrier phase ambiguities after each data outage for the HG1700 

and LN200 systems, respectively.  Specifically, the average is taken across all 

nine simulated GPS outages of the same duration. The results show four 

important characteristics. 



 

 

130

 

Figure 6.3 Average Time to Fix L1 Carrier Phase Ambiguities after Complete 
Data Outages for CDGPS/HG1700 
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Figure 6.4 Average Time to Fix L1 Carrier Phase Ambiguities after Complete 
Data Outages for CDGPS/LN200 

 

First, regardless of how long the GPS outage lasts, the GPS-only filter needs, on 

average, approximately the same amount of time to resolve the ambiguities.  

This is because the time needed to resolve ambiguities using GPS alone is 

based primarily on measurement noise, multipath effects and satellite geometry, 

all of which are expected to be approximately constant throughout the data set. 

Although Figure 6.3 and Figure 6.4 represent average values, Figure 6.5 and 

Figure 6.6 show each of the individual cases. Note that because the average 

time to fix the ambiguities using either integration strategy is approximately the 
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same as for the GPS-only case after the 40 s mark, for the sake of clarity, 

only durations shorter than 40 seconds are shown. 

 

Figure 6.5 Time to Fix L1 Ambiguities After Each Complete GPS Data Outages 
(CDGPS/HG1700) 
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Figure 6.6 Time to Fix L1 Ambiguities After Each Complete GPS Data Outages 
(CDGPS/LN200) 

 

Second, the GPS-only solution performs the poorest, relative to either integrated 

solution.  In some of the cases, a 100% improvement over GPS-only can be 

achieved using the integrated systems, meaning that instantaneous ambiguity 

resolution is possible. Specifically, for data outages up to 2 and 4 seconds for 

the HG1700 and LN200 systems, respectively, instantaneous ambiguity 

resolution is possible using either integration strategy.     

 

Third, for outage durations lasting approximately 12 to 40 s (depending on the 
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IMU), there is also a noticeable improvement when using tight integration 

over loose integration with GPS seeding. This improvement is suspected to be 

due to the reduced level of process noise in the tight integration approach and 

the stronger cross-correlation between position and ambiguity states using tight 

coupling than that of using a loose coupling strategy, which makes the ambiguity 

states converge faster after GPS outage.  

 

Fourth, as the inertial position covariance increases over time during a data 

outage, the benefit to the ambiguity resolution process decreases accordingly, 

with the limit being the GPS-only case. To see this more clearly, Table 6.1 gives 

the average percentage improvement in L1 ambiguity resolution times after 

complete data outages using different approaches for both systems. The 

improvement of each outage can be computed as 

 

( )
%100

 FixTo Time
 FixTo Time FixTo Time

Im%
only-GPS

eTight/Loosonly-GPS ×
−

=  (6.1)  

 

The subscripts represent the corresponding integration strategies used herein. It 

should be noted that the average improvements, in percentage terms, after a 

16-second outage attenuates rapidly (shown as an improvement gap) compared 

to that observed following 12-second outages for the HG1700, with similar 
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performance observed for the LN200 system after a 30-second outage. A 

fuller discussion of this is given in the following section. 

 

Table 6.1 Average Percent Improvement in L1 Ambiguity Resolution Times After 
Complete Data Outages Using Different Approaches 

Average Percent Improvement % 
HG1700 LN200 

Outage 
Duration 

[s] T/G1 L/G2 T/G L/G 
2 1003 100 100 100 
4 96.9 96.9 100 100 
6 96.9 96.5 96.9 96.9 
9 93.8 90.7 96.9 96.9 
12 88.2 52.1 93.7 93.4 
16 53.3 26.1 93.6 69.3 
20 31.8 17.7 85.3 46.0 
30 19.9 6.5 51.7 26.9 
40 12.4 3.0 29.0 10.9 
50 3.7 2.0 17.0 6.7 
60 2.7 1.3 10.5 4.5 
80 0.4 0.0 5.1 1.5 

100 0.3 0.2 2.8 1.1 
1 improvements realized through use of tight coupling over GPS-only 

strategy 
2 improvements realized using loose coupling with seeding strategy 

over GPS-only strategy 
3 denotes instantaneous ambiguity resolution achieved  

 

6.3 AMBIGUITY RESOLUTION IMPROVEMENTS WITH AIDING OF INERTIAL 

DATA 

 

In the previous section, a correlation between the free-inertial position accuracy 

and the differential code position accuracy was explored.  Now, a correlation 
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between the differential code accuracy and the improvements in the time to 

fix the ambiguities is desired.  

  

To begin, the results in Table 6.1 are cross-referenced with those from the 

positioning accuracy assessment in the previous section. Specifically, 

instantaneous ambiguity resolution is possible as long as the estimated INS 3-D 

STD after the data outage is below 10 cm.  This corresponds to 2 or 4 seconds, 

depending on the IMU.  Second, once the estimated INS 3-D STD degrades to 

approximately the same level as that of the GPS-only case (i.e., 1.8 m), the 

improvement in the ambiguity domain is less than approximately 30%, on 

average.  While these conclusions are important, it is still desirable to identify a 

more rigorous analytical relationship. However, recall from the previous 

mentioned that the accuracy of the differential code solution ( Codeσ ) is 1.8 m. 

When this value is substituted into equation (3.13), an approximate estimate of 

the percentage improvement in the ambiguity resolution performance as a 

function of the INS 3-D STD at the end of a data outage is obtained.  To 

evaluate this equation, Figure 6.9 and Figure 6.10 show the actual improvement 

in ambiguity resolution times as a function of the INS position accuracy at the 

end of the data outage along with the estimated value from Equation (3.13). 
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Figure 6.7 Time to Fix L1 Ambiguity Improvements after Each Complete GPS 
Outage and Each Duration vs. Corresponding Estimated STD of Filter using 

Tight Coupling 
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Figure 6.8 Time to Fix L1 Ambiguity Improvements after Each Complete GPS 
Outage and Each Duration vs. Corresponding Estimated STD of Filter using 

Loose Coupling 
 

As can be seen in Figure 6.8, the values predicted from equation (3.13) agree 

reasonably well with actual improvements in the ambiguity resolution times 

overall. However, a couple of points should be noted.  First, the analytical 

estimate appears to be better suited to predicting the performance of the tight 

integration strategy.  The reason for this is, as mentioned in Chapter Three, that 

the analytical relation is more suitable for the tightly coupled strategy. The 

improvements in the loosely coupled case are expected to be lower than that of 
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the tightly coupled strategy, since loose coupling has indirect correlation 

between position states and ambiguity states, a lower convergence speed filter 

and a higher level of processing noise.  Second, there appear to be some 

“outliers” along the x-axis where there is almost no improvement. Upon closer 

inspection, nearly all such data points were found to correspond to GPS data 

outages lasting on the order of 30 s.  In this case, the free-inertial solution 

accuracy is already at the metre level and thus does not always yield the desired 

improvements. Specifically, the improvement will not only be a function of the 

estimated position accuracy (which is the inherent assumption in the current 

analysis), but also of the true position (velocity, and attitude) errors, phase 

measurement noise and possibly the cross-correlation between the various INS 

and/or GPS error states. Thirdly when the estimated INS position error is smaller 

than 0.1 metres, a 100 percent improvement can always be achieved using 

either a loosely or tightly coupled integration strategy. The points showing 100 

percent improvement are overlapping and thus cannot be seen clearly in the 

above figures. 

Although the above results are very promising, the solid curves shown in Figure 

6.9 and Figure 6.10 are derived assuming an estimated differential code 

accuracy of 1.8 m.  Although this is valid for the data processed herein, more 

investigation is necessary to ascertain whether Equation 3.13 provides similar 

performance under real situations. To make it clear, Figure 6.9 and Figure 6.10 
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were plotted again as Figure 6.9 and Figure 6.10. The actual improvements 

in ambiguity resolution using different systems are the same as that depicted in 

Figure 6.9 and Figure 6.10. The predicted improvements, however, which are 

represented by the green dots, are computed with estimated double differential 

code accuracy and estimated INS position accuracy at end of data outages 

using Equation (3.13). Figure 6.9 and Figure 6.10 give more clear and detailed 

views of Figure 6.7 and Figure 6.8.  

 

Figure 6.9 Time to Fix L1 Ambiguity Improvements after Each Complete GPS 
Outages and Each Duration vs. Corresponding Estimated STD of Filter using 

Tight Coupling 
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Figure 6.10 Time to Fix L1 Ambiguity Improvements after Each Complete GPS 
Outages and Each Duration vs. Corresponding Estimated STD of Filter using 

Loose Coupling 
 

As can be seen in Figure 6.9 and Figure 6.10, the ambiguity resolution 

improvements realized using a loosely coupled strategy are slightly worse than 

in the case of tight coupling. As mentioned in the above section, Equation (3.13) 

is more accurate when using a tightly coupled strategy. However, the 

improvements produced with the use of a loosely coupled strategy are still very 

promising. Figure 6.10 above shows that the highest improvement can hardly be 

larger than the improvement computed using Equation (3.13) when position 
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covariance is bigger than about 20 cm after GPS outages using a loosely 

coupled strategy, which can still provide insight into the level of improvement 

that can be expected, in terms of ambiguity resolution, when using either a loose 

or tight coupling strategy. This conclusion is expected to be emulated by any 

chosen grade of IMU. From the above analysis, the “improvement gap” 

observed after 12 and 20-second outages for the HG1700 and LN200 systems, 

respectively, is actually reasonable and can be predicted using Equation 3.13. 

Essentially, this “improvement gap” can be viewed as the result of the position 

error attenuating in a non-linear fashion. 

 

6.4 RTS BACKWARD SMOOTHING TEST RESULTS 

 

The data used in the above analysis is used to test the performance of the 

Backward Smoothing (BS) algorithm in bridging GPS outages as well. Although 

different outage durations are simulated, only one of 100 s outages of the 

HG1700/GPS system has been selected as an example to illustrate the actual 

behaviour of the INS positioning error during and after GPS outage periods 

(before smoothing) as well as the effect of BS on these errors. 

 

The averaged absolute position differences between the free-inertial solution 

and the reference solution, for the chosen outage period across all nine 
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simulated data outages are given in Figure 6.11 and Figure 6.12. Average 

absolute residual position errors for the same outage interval after RTS 

smoothing are also shown in the same figures. 

 

Figure 6.11 Average Absolute Position Error Across All 9 Simulated GPS 
Outages Before and After RTS Smoothing (HG1700/GPS System) 

 

To show the information from Figure 6.11 more clearly, Table 6.2 and Table 6.3 

show the average maximum value of position error during a 100-second GPS 

outage and the maximum residual position error during a 100-second GPS 

outage after RTS smoothing, using the HG1700/GPS and LN200/GPS systems, 

respectively. 
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Figure 6.12 Average Absolute Position Error Across All 9 Simulated GPS 
Outages Before and After RTS Smoothing (LN200/GPS System) 

 

It should be noted that start from 100 s (the end of the complete GPS outage) to 

about 130 s the solution during this period is a float solution. The ambiguities 

were generally fixed around 130 s. That is the reason why there is a step at 

about 130 s. 
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Table 6.2 Average Maximum Value of Position Error Cross all 9 Simulated 
100-second GPS Outages Before and After RTS Smoothing (HG1700/GPS) 

Average Maximum 
Position Error 

Before Smoothing 
[m] 

After Smoothing 
[m] 

Improvements
% 

East 11.96 0.22 98.2 
North 9.99 0.28 97.2 

Up   2.35 0.26 89.0 
Horizontal 15.59 0.35 97.7 

3-D 15.76 0.40 97.5 
 

Table 6.3 Average Maximum Value of Position Error Cross all 9 Simulated 100-
seconds GPS Outages Before and After RTS Smoothing (LN200/GPS) 

Average Maximum 
Position Error 

Before Smooth 
[m] 

After Smooth 
[m] 

Improvements 
% 

East Position Error 7.20 0.14 98.1 
North Position Error 5.84 0.23 96.1 

Up Position Error 2.20 0.21 90.3 
Horizontal Error 9.27 0.27 97.1 

3-D Position Error 9.53 0.30 96.8 
 

The results show that improvements of greater than 96% in maximum position 

error after RTS smoothing in 3-D can be achieved using an RTS smoother. 

Results show that the RTS smoother shown as equation 4.13 is able to remove 

up to 97% of the 3-D position error in GPS outage cases. This confirms that 

backward smoothing is a very effective method of removing position error at the 

post-mission stage. The residual 3-D position errors after application of an RTS 

smoother are about 40 cm and 30 cm for the HG1700/CDGPS and 

LN200/CDGPS, respectively, in the case of a 100-second GPS outage. 

 

Only the averaged absolute position error and absolute residual position error 
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were shown in this section. However, the position error and residual position 

error before and after smoothing of each particular GPS outage can be seen in 

Appendix B. 
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CHAPTER SEVEN - AMBIGUITY PROCESSING 

STRATEGY PERFORMANCE COMPARISON 

 

The long baseline data results are presented in this chapter to compare the 

performance of different ambiguity processing strategies in the presence of large 

differential errors in the position domain. The short baseline results focusing on 

the assessment of the ambiguity re-fixing time using different ambiguity 

processing strategies after GPS outages are presented as well. Since the 

inertial aiding to improve ambiguity resolution in the short baseline case was 

investigated in Chapter Six using the L1 only strategy as an example, only GPS-

only, which provides longest ambiguity re-fix time, solutions are presented in this 

chapter for the short baseline scenario. As mentioned in Chapter Two, the 

ionospheric error will become to be the dominant error source in long baseline 

case. This means that the ionospheric error can be up to 20 centimetres for the 

80 km baseline with a typical 2ppm ionospheric error (Table 2.2 in Chapter Two), 

indicating that ambiguity resolution is difficult. In this particular test, none of the 

integer ambiguities except the WL has been resolved in the long baseline case, 

so the comparison of different ambiguity resolution strategies is implemented 

only in the position domain. The same data was processed using the FLYKIN+ 

software as well in order to verify if the ambiguities are capable of resolution. 

FLYKIN+ is a differential GPS processing package developed by the PLAN 
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group, Department of Geomatics Engineering, University of Calgary (Liu, 

2003). It can accommodate processes using L1, L2, or WL and IF frequency 

combinations. It also provides stochastic modelling of the ionospere. Only WL 

ambiguities can be resolved when processing the data used herein using 

FLYKIN+.  

 

The performance of the two systems is assessed in terms of position accuracy 

via using different ambiguity resolution strategies for the long baseline test, and 

in terms of ambiguity resolution using different ambiguity processing strategies 

for the short baseline test, as discussed in the following sections. 

 

As mentioned in Chapter Six, using the GPS-only strategy the time to fix 

ambiguities after a GPS outage only depends on the quality of the GPS 

measurements but not the outage duration. Furthermore, as shown in Figure 6.5 

and Figure 6.6, the time to fix ambiguities using a GPS-only strategy at each of 

the nine simulated GPS outages after different duration are very close. This 

means that the quality of the GPS measurements during these outages are very 

close. It doesn’t make sense to simulate all GPS outages as shown Chapter Six, 

so only GPS outage durations of 9, 20, 50 and 100 seconds at the second GPS 

outage were simulated as examples for further investigation in this section.  

The definition and characteristics of each ambiguity processing strategies are 
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first presented in this chapter. 

 

7.1 DEFINITION OF EACH AMBIGUITY PROCESSING STRATEGIES 

 

The definition of each ambiguity processing strategies is given in the following 

sub-sections (Liu, 2003): 

 

7.1.1 STRATEGY 1 (L1) 

 

This L1 only strategy uses the L1 carrier phase, code and Doppler 

measurements. As mentioned in Chapter Three, this is the simplest strategy, 

where only the L1 ambiguity is estimated. Compared to the L2 and WL, the L1 

carrier has the shortest wavelength. That means to resolve the L1 ambiguity it 

needs the longest time with the same initial conditions. Since this strategy has 

low noise and ionospheric error characteristics compared to WL and L2, this 

strategy has the highest accuracy after its ambiguities have been resolved. 

 

7.1.2 STRATEGY 2 (WL) 

 

This WL only strategy uses the WL carrier phase observable and estimates WL 

ambiguities. As mentioned in Chapter Three, it is expected that this strategy 
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should have better ambiguity resolution performance than Strategy 1 

considering the longer wavelength (86 cm). However, high noise and 

ionospheric error signature is expected when using this strategy since WL 

contains nearly six times the noise than L1 in metres. 

 

7.1.3 STRATEGY 3 (L1L2) 

 

In this strategy, the L1 and L2 carrier phase observables are used, and the L1 

and L2 ambiguities are estimated in the filter. This strategy has more system 

redundancy than Strategies 1 and 2. Compared to Strategy 2, the carrier phase 

noise is kept to a minimum since no frequency combination is formed between 

L1 and L2. However, because the L2 carrier has more ionospheric error than 

either the L1 or the WL, it is expected that this strategy performs slightly better 

than Strategy 1 under very low ionospheric error and will perform poorer than 

Strategy 1 in high ionospheric activity. In very low ionospheric error conditions, 

the measurement noise level of Strategy 3 is similar to Strategy 1, thus it is 

expected to have same amount of time to fix ambiguities compared to Strategy 1 

when starting from the same initial conditions. 

 

7.1.4 STRATEGY 4 (L1WL) 

 

This strategy is very similar to Strategy 3 except that the WL and L1 ambiguities 
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are estimated in the filter rather than the L1 and L2 ambiguities, although L1 

and L2 observables are used. Like Strategy 3 this strategy has more system 

redundancy than Strategies 1 and 2. Since this strategy uses L1 and L2 

observables to estimate L1 and WL instead of L1 and L2, the noise is kept to a 

minimum. It is therefore expected that this strategy has a similar accuracy as 

Strategy 3 in the position estimation. Furthermore, because the WL ambiguity is 

easier to resolve than both the L1 and L2 ambiguities, better position results can 

be achieved after the WL ambiguities are correctly fixed while L1 ambiguities are 

not fixed if L1 and WL ambiguities are estimated in the same filter, instead of L1 

and L2 ambiguities. Since resolving the WL ambiguities can speed up the 

convergence speed of filters, this strategy is expected to have a faster time to fix 

L1 ambiguities compared to Strategy 1 when starting from the same initial 

conditions. Similar to Strategy 3, this strategy is expected to be at the same 

level of position estimation accuracy as Strategies 1 and 3 with low ionospheric 

error. 

 

7.1.5 STRATEGY 5 (IF) 

 

The IF ambiguities, which are floating values by definition, are estimated using 

the IF observations in this strategy. In this strategy, the ambiguities are 

estimated but need not be resolved to integers. One obvious advantage is that 

this strategy uses the ionosphere-free combination to cancel the ionospheric 
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error. This being said, if all other observation errors (e.g. tropospheric error, 

satellite orbital error, multipath) are properly accounted for, the float-valued IF 

ambiguities should be errorless. No ambiguities are needed to be resolved to 

their integer values. However, the amplification of the measurement noise (the 

IF observation is three times as noisy as L1 in metres) makes the IF solution 

noisy. So in very low ionospheric error conditions, this strategy performs the 

worst compared to Strategies 1, 3 and 4. Since the IF contains nearly three 

times the noise than L1 in metres (WL contains nearly 6 times than L1 in 

metres), it is expected to give better position estimation accuracy in very low 

ionospheric error conditions after filter convergence. 

 

7.1.6 STRATEGY 6 (L1WL+I) 

 

Similar to Strategy 4, this strategy now expands the filter’s states to include the 

DD ionospheric error (Liu, 2002), which is modelled as a first order Gauss-

Markov process. Given that the DD ionospheric error is modelled explicitly, the 

estimator in Strategy 6 is largely unbiased. Thus, it is expected that the position 

estimate will not be influenced by the ionospheric error. Similar to Strategy 4, it 

is expected that the time to fix L1 ambiguities is at the same level as Strategy 4, 

with Strategy 6 being slightly faster, when starting from the same initial 

conditions.  



 

 

153

 

7.1.7 STRATEGY 7 (L1L2+I) 

 

This strategy is very similar to the Strategy 6. The introduction of DD ionospheric 

error states makes the estimator in this strategy largely unbiased. This strategy 

has no frequency combination. Thus, better position estimation is expected 

compared to Strategies 5 and 6 if ambiguities are resolved correctly.  

 

Summarised from above, the time to re-fix ambiguities using different strategies 

start from the same initial conditions as: 

 

L1L1L2IL1L2L1WLIL1WLWL TTFTTFTTFTTFTTFTTF ≤≤≤≤≤ ++  (7.1) 

 

The position estimation accuracy after estimators which are using each 

ambiguity processing strategy have converged in very low ionospheric error 

case (e.g. short baseline) is as: 

 

eline)(Short Bas  L1L2L1WLIL1L2IL1WLL1IFWL σσσσσσσ ≈≈≈≈≤≤ ++  (7.2) 

where σ  represents position accuracy. 

 

The position estimation accuracy after estimators which are using each 
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ambiguity processing strategy have converged in the very high ionospheric 

error case (e.g. ionospheric error far greater than L1 carrier phase noise in long 

baseline) is: 

 Baseline)(Long  IFL1L2IIL1WLL1L2L1WLL1WL σσσσσσσ ≤≈≤≈≈≤ +  (7.3) 

It should be noted that the inequality represented by Equations (7.2) and (7.3) 

are affected by estimator convergence speed. The convergence speed of 

estimators using different ambiguity processing strategies can be summarized 

from above when starting from the same initial conditions as Table 7.1. 

 

Table 7.1 Estimator Convergence Speed Comparison Using Each Ambiguity 
Processing Strategy 

Ambiguity 
Processing Strategies 

L1 WL L1L2 L1WL IF L1L2+I L1WL+I

Estimator 
Convergence Speed 

slow very 
fast 

slow fast very 
slow 

slow fast 

 

The inequality in Equations (7.2) and (7.3), when the position accuracy 

computed across a data run (before the estimator has converged and after) after 

taking the estimator convergence speed in to account, will change to be: 

  '
L1L2

'
L1WL

'
IL1L2

'
IL1WL

'
L1

'
WL σσσσσσ ≈≈≈≈≤ ++  (7.4) 

Inequality Equation (7.4) is adjusted form of Inequality Equation (7.2) under 
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short baseline when considering convergence speed. '
IFσ  can be even 

worse than that of the WL in the short baseline case in the above inequality. 

 

speed) econvergencestimator  gconsiderin  Baseline(Long
 '

IL1WL
'
L1WL

'
WL

'
IL1L2

'
L1

'
L1L2 ++ ≈≤≤≈≈ σσσσσσ

 (7.5) 

 

Inequality Equation (7.5) is adjusted form of Inequality Equation (7.3) under long 

baseline when considering convergence speed. '
IFσ  can be even the worst in 

above inequality since IF has slowest estimator convergence speed. 

 

The above summarization of Equations (7.1), (7.4) and (7.5) and their relation to 

Table 7.1 is proven in the next section.  

 

7.2 SHORT BASELINE TESTS AND RESULTS 

 

7.2.1 AMBIGUITY PROCESSING STRATEGY DIFFERENCES IN POSITION DOMAIN 

 

To compare the performance of different ambiguity processing strategies under 

short baseline condition results are first presented in this section with focusing 

on position accuracy. For kinematic positioning practice, the overall position 
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accuracy (right after initial alignments until the end of the run) is a very 

important criterion to evaluate the performance of the system. So the RMS of 

the position differences with respect to the reference trajectory investigated later 

is an RMS of the overall position difference. The short baseline data was 

processed using a tight coupling integration strategy, and different ambiguity 

processing strategies separately. Table 7.2 and Table 7.3 give the position 

differences using each ambiguity processing strategy in the short baseline case 

of the HG1700/CDGPS and LN200/CDGPS specifically. The comparison is 

preceded using the L1 tight coupling solution as the reference. Other tight 

coupling solutions using a corresponding ambiguity processing strategy are 

compared with the reference. The results during the initial alignment were 

discarded (e.g. only results in kinematic mode were compared). In the short 

baseline case, the DD ionospheric error and residual DD tropospheric error are 

small enough to be neglected. Refer to Appendix D for detailed information 

regarding stochastic DD ionospheric error modeling used in Strategies 6 and 7. 

In addition, Appendix D gives further information about the estimated double-

differenced ionospheric delay for both short and long baseline conditions. 
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Table 7.2 RMS of Overall Position Difference Compare to Short Baseline 
Tight Integration L1 Solution (HG1700/CDGPS system, Short Baseline) 

Integration 
strategies 

L1 
(mm) 

WL 
(mm) 

L1L2 
(mm) 

L1WL 
(mm) 

IF 
(mm) 

L1L2+I 
(mm) 

L1WL+I
(mm) 

N2 0 32 6 6 44 7 6 
E3 0 41 3 3 49 4 4 
U4 0 39 7 7 154 7 7 

 
T1 

3-D5 0 64 10 10 168 10 10 
1 Tight coupling integration strategy 
2 North position difference 
3 East position difference  
4 Up position difference 
5 3-Dimmention position difference 
 

Table 7.3 RMS of Overall Position Difference Compare to Short Baseline Tight 
Integration L1 Solution (LN200/CDGPS system, Short Baseline) 

Integration 
strategies 

L1 
(mm) 

WL 
(mm) 

L1L2 
(mm) 

L1WL 
(mm) 

IF 
(mm) 

L1L2+I 
(mm) 

L1WL+I
(mm) 

N 0 32 6 6 44 7 6 
E 0 41 3 3 49 4 4 
U 0 39 7 7 154 7 7 

 
T 

3-D 0 64 10 10 168 10 10 
 

It should be noted that all ambiguities in Table 7.2 and Table 7.3 were fixed 

correctly and major ambiguities were kept to their integer values until the end of 

the run except for the IF ambiguities. As can be seen in the tables Strategies 1, 

3, 4, 6, and 7 have a very similar position accuracy performance in short 

baseline case. Considering the 2-4 cm accuracy of theh L1 tight coupling 

solution, the differences between ambiguity processing Strategies 1, 3, 4, 6 and 

7 are neglectable. 
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As mentioned in Section 3.4, the WL contains nearly six times the noise than 

L1 and the IF contains nearly three times the noise. This being said, the position 

estimates using WL are expected to be noisier than that of using IF. However, 

as shown in Table 7.2 and Table 7.3, the position estimates using IF are worse 

than WL. This is because the estimator using the IF observable converges very 

slowly. Before the IF ambiguities converge to reasonable values, the position 

estimation has a very large bias. This makes the RMS of the position differences 

using Strategy 5, compared to Strategy 1, much larger than that of using 

Strategies 2 and 1. Generally, the results in Table 7.2 and Table 7.3 follow the 

rules of inequality (Equation (7.2)). The exception is that the position accuracy 

when using the IF processing strategy is the worst but not that of WL because 

the estimator when using the IF ambiguity processing strategy needs more time 

to converge.  

 

Since the position accuracies of Strategies 1, 3, 4, 6, and 7 are very similar (1 

cm RMS difference in 3-D), the time to re-fix ambiguities after a GPS outage is 

the other important criteria to compare the performance of different ambiguity 

processing strategies. 

 

To better understand the short baseline results in the position domain, position 

differences between the reference solution and solutions obtained with the use 

of each strategy, as well as under short baselines, are as presented in Figures 
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7.1 to 7.6. It should be noted that the HG1700/GPS and LN200/GPS 

systems achieved the same results and, thus, only the HG1700/GPS results are 

given. As mentioned in Section 7.1, the L1 strategy (Strategy 1) which is used to 

compute the reference trajectory, the L1L2 strategy (Strategy 3), the L1WL 

strategy (Strategy 4), the L1L2+I strategy (Strategy 6) and the L1WL+I strategy 

(Strategy 7) are expected to deliver comparable position accuracies. As can be 

seen in Figures 7.1 to 7.4, and with reference to Table 7.2, the position 

difference of these strategies are at about the 1 cm level in the short baseline 

case and, thus, are negligible considering the 2 to 4 cm position accuracy of the 

reference trajectory. 

 

However, due to its high noise measurements and 86 cm length wavelength, the 

position solution of the WL strategy (Strategy 2) is characterized by a distinct 

noise-like quality. Consequently, the position differences between the WL 

solution and the reference solution are about 6 cm (see Table 7.2). 
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Figure 7.1 Position Difference L1L2 strategy Compared to Reference Trajectory 
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Figure 7.2 Position Difference L1WL strategy Compared to Reference Trajectory 
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Figure 7.3 Position Difference L1L2+I strategy Compared to Reference 
Trajectory 
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Figure 7.4 Position Difference L1WL+I strategy Compared to Reference 
Trajectory 
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Figure 7.5 Position Difference WL strategy Compared to Reference Trajectory 
 

The IF strategy (Strategy 5) solution demonstrates a very different position 

performance, as compared to the other strategies, as seen in Figure 7.6. As 

discussed in Section 7.1, the IF strategy ambiguities are characteristically float, 

having a wavelength of 48 cm. In addition, using the IF strategy amplifies the 

noise by almost three times, and the use of the IF strategy results in a very slow 

convergence. As can be seen in Figure 7.6, as compared to the other strategies, 

the IF strategy position error takes a much longer time to converge to the 

centimetre level. It is this exorbitant time demand that makes the overall position 
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performance of the IF strategy the worst among all strategies. 

 

Figure 7.6 Position Difference IF strategy Compared to Reference Trajectory 
 

 

7.2.2 AMBIGUITY PROCESSING STRATEGY DIFFERENCES IN THE AMBIGUITY DOMAIN 

 

A GPS-only strategy provides the most basic criterion of how an ambiguity 

processing strategy is different. The performance with inertial aiding in ambiguity 

resolution is dependent on the GPS-only solution. So only the GPS-only 

ambiguity resolution solutions using different ambiguity processing strategies 
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are investigated in this section. Only one GPS complete outage is simulated 

- which is outage 2 shown in Chapter Five. Durations of 9, 20, 50 and 100 

seconds are simulated specifically in the outage. 

 

Figure 7.7 Time To Fix Corresponding Ambiguities after 9, 20, 50 and 100 
seconds Outage at outage number 2 using different ambiguity processing 

strategies (HG1700/CDGPS system, GPS-only) 
 

Figure 7.7 (HG1700/CDGPS system, using a GPS-only integration strategy) 

shows the time to fix the corresponding ambiguities after 9, 20, 50 and 100 

second complete GPS outages at outage number 2 using different ambiguity 

processing strategies. The LN200/CDGPS results are exactly the same since 



 

 

167

the two systems used the same GPS data, thus the results will not be shown. 

It shows that the time to fix after a GPS outage with a GPS-only strategy is 

related to which processing strategy is used but not the length of the duration. 

Since the IF strategy has only a float solution, ambiguity fixing was not 

attempted. 

 

Summarised from Section 7.1, the time to re-fix ambiguities using different 

strategies start from the same initial condition is 

as L1L1L2IL1L2L1WLIL1WLWL TTFTTFTTFTTFTTFTTF ≤≤≤≤≤ ++ ; where TTF 

represents time to fix. Subscripts represent corresponding ambiguity processing 

strategies. Figure 7.7 shows this trend. This being said, in the short baseline 

case (which means low DD ionospheric and tropospheric errors), Strategies 4 

and 6 (when properly modeling the ionospheric error factor) can give a near 

optimal position solution but the fastest time to re-fix ambiguities after a GPS 

outage. 

 

7.3 LONG BASELINE TESTS AND RESULTS 

 

The performance in the position domain is presented in this section. The 

analysis will be conducted according to the ambiguity processing strategy. In 

this scenario, the entire long baseline data set is processed with SAINTTM using 
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different ambiguity processing strategies with the positions being estimated 

at each epoch. The integration position solution is compared to the short 

baseline tightly coupled L1 solution as discussed in Chapter Five, which is used 

as a reference trajectory. The RMS of the position differences is also computed. 

The purposes of this section are to: 

 

1) Determine the position error level of each ambiguity processing strategy 

in the long baseline case;  

2) Assess the position accuracy of each ambiguity processing strategy in 

the long baseline case; and what is the difference between (1) and (2) 

3) Assess the filter convergence speed affecting the position accuracy using 

different ambiguity processing strategies. 

 

In conjunction with these objectives, this investigation will also help determine 

whether fixing WL first can reduce the position errors even if the L1 ambiguities 

cannot be fixed, although the ultimate goal is to fix the L1 ambiguities. Fixing the 

L1 and L2 ambiguities was not tried during processing to prevent the introducing 

of fixing wrong errors. 
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Table 7.4 RMS of Overall Position Difference Compare to Short Baseline 
Tight Integration L1 Solution (HG1700/CDGPS system, Long Baseline) 

Integration 
strategies 

L1 
(cm) 

WL 
(cm) 

L1L2 
(cm) 

L1WL 
(cm) 

IF 
(cm) 

L1L2+I 
(cm) 

L1WL+I
(cm) 

N 8 7 8 4 5 8 4 
E 9 6 7 3 4 6 4 
U 32 5 28 7 34 17 5 

 
T 

3-D 34 11 30 8 34 19 7 
 

The same results as Table 7.4 can be achieved using the LN200/CDGPS 

system, but thus will not be presented herein. It should be noted that in Table 

7.4, all WL ambiguities were resolved across the data and the integer values 

were kept until the end of the data set. It is expected in the long baseline case, 

which means high ionospheric error, the inequality in Equation (7.5) - 

'
IL1WL

'
L1WL

'
WL

'
IL1L2

'
L1

'
L1L2 ++ ≈≈≤≈≈ σσσσσσ  when considering estimator 

convergence speed - can be proved by Table 7.4. Because the IF strategy 

estimator has the slowest convergence speed (IF ambiguities did not converge 

to a reasonable value until the end of the data run), the overall position accuracy 

of the IF strategy is the worst in this particular case. This proves the inequality in 

Equation (7.5). Therefore, in the long baseline case, L1WL+I (Strategy 7) is 

expected to give the best position estimates if the ionospheric error is properly 

modeled. L1WL (Strategy 4) estimation results are except the same level of 

accuracy as Strategy 7. To better understand the performance of each strategy 

in the position domain, a comparison is given with the reference trajectory in 

each case, producing the position differences for each ambiguity processing 
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strategy. Referring to Section 7.1, the performance of each ambiguity 

processing strategy in the position domain depends not only on the quality of the 

measurements but also on the convergence speed of the corresponding 

estimator in the long baseline case. The L1 and L1L2 strategies demonstrate 

comparable position performance since they are based on very similar noise 

levels associated with measurements as well as similar convergence speeds. As 

compared to the L1 and L1L2 strategies, the L1L2+I strategy took the 

ionospheric delay into account and produced estimates for those values. Apart 

from other considerations, it is expected to have superior performance in terms 

of position accuracy if the ionospheric delay is properly modeled in the Kalman 

filter. 
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Figure 7.8 Position Difference L1 Strategy Compared to Reference Trajectory 
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Figure 7.9 Position Difference L1L2 Strategy Compared to Reference Trajectory 
 

As can be seen in Figures 7.8 and 7.9, the L1 and L1L2 strategies display 

similar patterns in convergence, with the L1 strategy solution being slightly 

noisier. The estimation of the ionospheric delay in the Kalman filter using the 

L1L2+I strategy slightly improves the position accuracy, as compared to that 

produced via the L1L2 strategy, as shown in Figure 7.10. 
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Figure 7.10 Position Difference L1L2+I Strategy Compared to Reference 
Trajectory 
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Figure 7.11 Position Difference WL Strategy Compared to Reference Trajectory 
 

The WL strategy is used in the long baseline case because the WL ambiguities 

are more easily resolved as compared to either L1 or L2 ambiguities; 

consequently, the position accuracy rapidly converges to a reasonable value, as 

can be seen in Figure 7.11. Although the WL strategy solution is very noisy, the 

resolution of the WL ambiguities makes the solution robust and thus the overall 

position accuracy reasonably high, as compared to the L1, L1L2 and L1L2+I 

strategies. 
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Figure 7.12 Position Difference L1WL strategy Compared to Reference 
Trajectory 
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Figure 7.13 Position Difference L1WL+I Strategy Compared to Reference 
Trajectory 

 

As can be seen in Figure 7.12 and 7.13, the L1WL and L1WL+I strategy 

solutions have the same pattern of convergence as the WL strategy solution, but 

are much less noisy. Because the WL ambiguity is easier to resolve than both 

the L1 and L2 ambiguities, better position results can be achieved after the WL 

ambiguities are correctly fixed, while L1 ambiguities are not fixed if L1 and WL 

ambiguities are estimated in the same filter, instead of L1 and L2 ambiguities. 

Also, the estimation of ionospheric delay can improve the position performance 
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slightly in this case, since the ionospheric delay is not as severe as 

discussed in Appendix D. 

 

Figure 7.14 Position Difference IF Strategy Compared to Reference Trajectory 
 

Compared to the WL strategy, the IF solution is less noisy; however, since it has 

the slowest convergence speed among all the strategies makes this strategy’s 

overall performance the lowest due to the small ionospheric error. As can be 

seen, the IF strategy estimator cannot converge to 10 cm until the end of the 

data run. 
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CHAPTER EIGHT - CONCLUSIONS AND 

RECOMMENDATIONS 

 

Essentially, this research investigated three topics. 1) Side-by-side testing of 

tactical-grade inertial measurement units, the HG1700 and the LN200, to assess 

whether comparable improvements can be achieved. Furthermore, an analytical 

equation was tested to compute the improvement in ambiguity resolution can be 

realized when kinematic carrier phase double differenced GPS is integrated with 

a generic IMU; 2) The effectiveness of the RTS smoothing technique in bridging 

position error during GPS outage; and 3) A detailed analysis of the impact of 

different ambiguity processing strategies on carrier phase ambiguity resolution 

and position accuracy under operational conditions. 

 

This thesis began with a thorough investigation into ambiguity resolution 

improvements produced with the aid of inertial data. To verify the analytical 

equation, 9 complete GPS outages with duration from 2 to 100 seconds were 

simulated when processing the test data using SAINTTM software package with 

L1 only ambiguity processing strategy; To examine the impact of the RTS 

smoothing technique in bridging the position error during GPS outages, the 

simulated 9 outages with 100 seconds duration was selected as an sample. 

Modified SAINTTM save all information during processing for the RTS smoothing 
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usages; to examine the impact of the different ambiguity processing 

strategies on ambiguity resolution and position accuracy, a total of seven 

ambiguities resolution strategies were implemented in the SAINTTM software 

package. All those seven strategies have been tested using two baselines 

kinematic data from Calgary as described in Chapter Five. The short baseline 

length ranges from 0 km to 8 km; and the long baseline length ranges from 71 

km to 79 km. It should be noted that actual GPS outages have very different 

characteristics as compared to simulated outages of the type used in this 

research; thus, in the strictest sense, the conclusions below are applicable only 

in simulated GPS outage situations.  

 

Based on the tests and results achieved, the following conclusions can be made: 

 

1.  The integrated system showed better performance than GPS-only in all 

cases. Furthermore, the tight integration strategy outperformed the loose 

integration approach. These differences in some cases, however, were 

not significant. 

2.  The HG1700 and LN200 systems are seen to provide 10 cm accuracy for 

approximately 6 and 8 seconds, respectively.  Furthermore, the errors 

grow to 2 m after about 36 and 49 seconds, respectively.  For longer data 

outages, the position errors grow quite rapidly to a maximum of 20 and 10 

m after 100 seconds, respectively. 
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3.  Regardless of how long the GPS outage lasts, the GPS-only filter 

needs, on average, approximately the same amount of time to resolve the 

ambiguities. 

4.  The GPS-only solution performs the poorest in ambiguity resolution, 

relative to either integrated solution.  In some of the cases, a 100% 

improvement over GPS-only can be achieved using the integrated 

systems, meaning that instantaneous ambiguity resolution is possible. 

Specifically, for data outages up to 2 and 4 seconds for the HG1700 and 

LN200 systems, respectively, instantaneous ambiguity resolution is 

possible using either integration strategy. 

5.  For outage durations lasting approximately 12 to 40 s (depending on the 

IMU), there is also a noticeable improvement when using tight integration 

over loose integration with GPS seeding. 

6.  As the inertial position covariance increases over time during a data 

outage, the benefit to the ambiguity resolution process decreases 

accordingly, with the limit being the GPS-only case. 

7.  Equation (3.13) provides insight into the level of improvement that can be 

expected, in terms of ambiguity resolution, when using either a loose or 

tight coupling strategy after complete GPS outage. This conclusion is 

expected to be emulated by any chosen grade of IMU. 

8.  Improvements of greater than 96% in the sense of maximum position error 

after RTS smoothing in 3-D can be achieved using an RTS smoother. 
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9.  The strategy 1, 3, 4, 6, and 7 has very similar position accuracy 

performance in short baseline case. Consider of 2-4 cm accuracy of L1 

tight coupling solution, the difference of ambiguity processing strategy 1, 

3, 4, 6 and 7 is neglectable. 

10. WL ambiguities are both reliable and easy to resolve. Figure 7.7 shows 

that the time to fix the WL ambiguities is much shorter that the time to fix 

the L1 or L2 ambiguities. 

11. Inequality (7.1) gives relation of time to fix corresponding ambiguities 

using different ambiguity processing strategies where start form same 

initial condition. 

12. Inequality (7.2) gives expecting position accuracy relation achieved by 

different ambiguity processing strategy in short baseline condition. 

However, considering of estimator of IF strategy (strategy 5) is very slow, 

the position accuracy of IF strategy overall may descend even worse than 

that of WL strategy (strategy 2). 

13. In short baseline case, strategy 4 and strategy 6 (when properly modeling 

the ionospheric error factor) can give near optimal position solution but 

fastest time to re-fix ambiguities after GPS outage. 

14. The system overall position accuracy is not only depending on the 

measurements noise but also the estimator convergence speed 

especially for kinematic navigation practice. Since no one can expect 

carrier has longer than 30 minutes static mode to wait the estimator 
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converging in practice. 

15. Estimating L1 and WL ambiguities in the same filter, instead of L1 and L2 

ambiguities, does help to resolve the L1 ambiguities faster in short 

baseline case. It was demonstrated in Figure 7.7 that the time to fix 

ambiguities using WL, L1WL, and L1WL+I (strategy 1, 4, 6) are 

comparable in short baseline case. 

16. Estimating L1 and WL ambiguities in the same filter, instead of L1 and L2 

can decrease the overall position errors if the WL is fixed correctly in long 

baseline case. It was demonstrated in Table 7.4 that overall RMS position 

error in strategies 4 and 6 are significantly better than the position errors 

in strategies 1, 3, and 7 when both L1 and L2 ambiguities are not fixed. 

17. The strategy 1, 3, 4, 6, and 7 has very similar position accuracy 

performance in short baseline case. Table 7.2 and Table 7.3 has 

demonstrated that inequality (7.4) describe the position accuracy of each 

ambiguity processing strategy clearly. The convergence speed of IF 

estimator makes the overall position accuracy descend. 

18. In short baseline case (which means low DD ionospheric error and DD 

tropospheric error), strategy 4 and strategy 6 (when properly modeling 

the ionospheric error factor) can give near optimal position solution but 

fastest time to re-fix ambiguities after GPS outage. 

19. It is expected that L1WL+I (strategy 6) can achieve the best position 

estimate compare to all others in long baseline condition, since the 
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ionospheric error becomes the dominant error source. And the 

estimator has very fast convergence speed. The results in Table 7.4 have 

demonstrated that. 

20. In long baseline case, it is expected that IF strategy can give the best 

position estimation. However, because IF strategy estimator has the 

slowest convergence speed (IF ambiguities did not converge to 

reasonable value till end of the data run), the position accuracy of IF 

strategy is the worst but not the best in this particular case. 

 

Based on the results and conclusions above of this research, the 

recommendations regarding the use and further investigations of qualified 

ambiguity resolution improvement with aiding of inertial data; backward 

smoothing in improving reference trajectory accuracy; various ambiguity 

resolution strategies can be made as following: 

 

1.  The Equation (3.13) is an only analytical qualified ambiguity resolution 

improvement with aiding of inertial data. Chapter Six shows that this 

equation is more suitable for tight integration strategy. Further research 

can be done to explain this phenomenon. 

2.  RTS smoothing in Chapter Six has shown it’s capability to improve the 

position accuracy during GPS outage. More than 96% position error can 

be removed after applying RTS smoothing technique. Naturally, it is 
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expected that the after smoothed ambiguity states and corresponding 

VCV are more efficient to resolve the integer ambiguities compare to that 

of forward filter. Thus if a data run contains a long period of float 

ambiguity solution, it is expected the ambiguities can be resolved after 

backward smoothing then the position accuracy of the float solution can 

be improved. 

3.  The test results in Chapter Six and seven are based on certain input 

parameters (e.g. IMU gyro and accelerometer error model parameters, 

data rate, observation variances, the magnitude of the noise spectral 

density driving the velocity and position states, and the magnitude of the 

pseudo-ionosphere observable variance). The impact of these input 

parameters on the output is not investigated in this thesis. 

4.  The author tested the Equation (3.13), RTS smoothing improvements, and 

performance of each ambiguity processing strategy only with one data 

set. It is recommended that more data sets should be used to do so, and 

should be tested more extensively for RTK applications. 

 

Overall, this thesis gives an quantitative relationship between the free-inertial 

positioning accuracy after GPS outage and the respective ambiguity resolution 

improvements with the aiding of inertial data is presented to compute how big 

ambiguity resolution improvement can be expected use a generic IMU; verifies 

the RTS smoothing technique performance; and clarifies the advantages and 
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disadvantages of all the introduced ambiguity resolution strategies in short 

baseline condition and long baseline condition. With these knowledge, the 

selection of IMU in different scenario and ambiguity resolution process can be 

better understood, and the optimal scheme of ambiguity processing strategy for 

an application can be chosen. 
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APPENDIX A 

 

The DOP (Dilution of Precision) value during the test and the elevation angle of 

each satellite during the test are given in Figure A.1 and Figure A.2.  

 

 
Figure A.1 DOP Value During Data Collection 
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Figure A.2 Satellite Elevation Angle during Data Collection 
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APPENDIX B 

 

The position error difference comparisons before and after smoothing are given 

in Appendix B. The following Figure B.1 to Figure B.18 shows that the difference 

in each of the simulated outages. The blue line represents the position error 

before smoothing, and the red line represents the position error of smoothed 

results. For the sake of clarity, only the 100-second data outage results for 

HG1700/CDGPS and LN200/CDGPS systems are shown herein. 

  

 

Figure B.1 Position Error at GPS Outage #1 (HG1700/CDGPS) 
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Figure B.2 Position Error at GPS Outage #2 (HG1700/CDGPS) 
 

 

Figure B.3 Position Error at GPS Outage #3 (HG1700/CDGPS) 
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Figure B.4 Position Error at GPS Outage #4 (HG1700/CDGPS) 
 

 

Figure B.5 Position Error at GPS Outage #5 (HG1700/CDGPS) 
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Figure B.6 Position Error at GPS Outage #6 (HG1700/CDGPS) 
 

 

Figure B.7 Position Error at GPS Outage #7 (HG1700/CDGPS) 
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Figure B.8 Position Error at GPS Outage #8 (HG1700/CDGPS) 
 

 

Figure B.9 Position Error at GPS Outage #9 (HG1700/CDGPS) 
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Figure B.10 Position Error at GPS Outage #1 (LN200/CDGPS) 
 

 

Figure B.11 Position Error at GPS Outage #2 (LN200/CDGPS) 
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Figure B.12 Position Error at GPS Outage #3 (LN200/CDGPS) 
 

 

Figure B.13 Position Error at GPS Outage #4 (LN200/CDGPS) 
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Figure B.14 Position Error at GPS Outage #5 (LN200/CDGPS) 
 

 

Figure B.15 Position Error at GPS Outage #6 (LN200/CDGPS) 
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Figure B.16 Position Error at GPS Outage #7 (LN200/CDGPS) 
 

 

Figure B.17 Position Error at GPS Outage #8 (LN200/CDGPS) 
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Figure B.18 Position Error at GPS Outage #9 (LN200/CDGPS) 
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APPENDIX C 

 

The INS error model parameters and other parameters regarding the 

parameters which have been used to process GPS and INS test data in this 

particular research are given in Appendix C. 

 

C.1 PROCESSING STRATEGY AND GPS MEASUREMENTS PARAMETERS 

 

C/A code and Doppler measurements were always used to update the system. 

The carrier-phase measurements were L1 and L2. The selection of ambiguity 

processing strategy will ultimately decide which observation or observations will 

be selected based on Table 5.2. The variances of the different observations 

used in the processing of each strategy for all two baselines are given in Table 

C.1. For the comparison consistency, the variances given to the pseudoranges 

for all strategies are the same. The L1 and L2 carrier-phase observation 

standard deviations are the same for Strategies 1 to 5. The L1 and L2 carrier-

phase observation standard deviations for Strategies 6 and 7 are the same, 

however, lower than that of Strategies 1 to 5, because Strategies 6 and 7 

models the DD ionospheric error explicitly. The standard deviation 0σ  for the 

short baseline is 10 cm and 50 cm for the long baseline because the long 

baseline has a much higher ionospheric error than that of short baseline. 
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Table C.1 Observation Standard Deviations 
Observation Standard Deviations Strategy 

P (m) CP1 (Cycle) CP2 (Cycle) I0 (m) 
1 0.5 0.050 0.050 N/A 
2 0.5 0.050 0.050 N/A 
3 0.5 0.050 0.050 N/A 
4 0.5 0.050 0.050 N/A 
5 0.5 0.050 0.050 N/A 
6 0.5 0.025 0.025 0σ  
7 0.5 0.025 0.025 0σ  

 

C.2 INS ERROR MODEL PARAMETERS 

 

A first-order Gauss-Markov model is commonly used as error model to be 

included in the INS Kalman Filter. And a white noise power spectral density is 

needed to construct the noise distribution matrix as well. By studying the auto 

correlation sequences of the noise components at the output of initial sensors 

after wavelet de-noising and the standard variation of the noise components at 

the raw measurements of the initial sensors, we determined that a re-estimated 

first-order Gauss-Markov model and an estimated white noise spectral density 

can efficiently model such noise behavior for tactical grade IMU. 

 

The detailed information about the method to estimate the first-order Gauss-

Markov model parameters and a method to estimate the white noise power 

spectral density was given by Lachapelle et, al. (2003). The parameters of 

HG1700 and LN200 which were applied in this research were presented in this 
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section in following Table C.2.  

 

Table C.2 Estimated Error Model Parameters 

1 The white noise spectral density of each axis was considered to equal to the 
average value of three axis’s variances 
 

C.3   GPS DYNAMIC MODEL PARAMETERS 

With respect to the DD carrier phase based GPS Kalman filter, for most 

navigation problems, the dynamics of the system are modeled using a random 

walk. Considering a random walk model for the velocity states [ ]Tzyx vvv with 

corresponding driving noise vector [ ]Tzyx www , the equation relating the 

white driving noise and the three velocity states are as 

zz

yy

xx

wv
wv
wv

=
=
=

. The spectral 

density for the driving noise vector [ ]Tzyx spspsp  were set to 100 m2/s3. 

HG1700 X Gyro Y Gyro Z Gyro X Acc Y Acc Z Acc 
White 
noise SD 

101 
deg/hr/sqrt(Hz)

7.8e-31 
m/s/s/sqrt(Hz)

Bias 
GMσ  

0.2605 
(deg/hr) 

0.2607 
(deg/hr)

0.2613 
(deg/hr)

3.411e-5 
(m/s/s)

5.397e-5 
(m/s/s) 

7.231e-5 
(m/s/s)

Biasτ  (s) 392.9 392.9 397.7 397 382 432 
LN200 X Gyro Y Gyro Z Gyro X Acc Y Acc Z Acc 
White 
noise SD 

5.6 
deg/hr/sqrt(Hz) 

3.0e-3 
m/s/s/sqrt(Hz) 

Bias 
GMσ  

0.0139 
(deg/hr) 

0.0196 
(deg/hr)

0.0204 
(deg/hr)

4.894e-5 
(m/s/s)

6.207e-5 
(m/s/s) 

7.070e-5 
(m/s/s)

Biasτ  (s) 337.8 265.9 336.2 365.7 292.0 315.3 
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APPENDIX D 

The estimated double-differenced ionospheric delay for both the short and long 

baseline cases is given in this appendix. It begins with a discussion of the 

stochastic modeling of the DD ionospheric error.  

 

Based on the very good temporal characteristics of the ionospheric error, Skone 

(1998) showed that a first order Gauss-Markov process is consistent with the 

observed temporal correlations in TEC. The following system model was 

employed to describe the evolution of the TEC: 

 ( ) ( ) ( )jj
T

t

j twtVTECetVTEC +=
−

+
0

1

δ

 

where VTEC is the TEC component in the zenith direction, 0T  is the correlation 

time and jj ttt −= +1δ . This property allows estimation of the ionospheric error 

through a Kalman filter. A Gauss-Markov process was used to model the 

ionospheric delay. The DD ionospheric error iI  in metres between the ith 

satellite-receiver pair was modeled as a Gauss-Markov process with a driving 

noise iw  of spectral density iσ  in units of m2/s, and a time constant 0T  in 

seconds. The discrete state-space equation for iI  is derived as k
i

k
i

T
t

k
i wIeI +=

−
+ 01

δ

; 

the variance of the discrete white noise k
iw  is ⎟

⎟
⎠

⎞
⎜
⎜
⎝

⎛
−

− t
Ti eT δσ

0

2
0 1

2
. The DD 
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ionospheric error state vector (I1, I2, I3 … and In) is then expanded into the 

Kalman filter. 

 

Figure D.1 shows the estimated double-differenced ionospheric delay of all 

double difference satellite pairs versus baseline length using GPS-only, L1WL+I 

strategy for the short baseline case. 

 

Figure D.1 Estimated DD Ionospheric Delay vs. Baseline Length vs. GPS Time 
 

As can be seen, the double-differenced ionospheric delay, in the short baseline 

case, is less than 1 ppm.  
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Figure D.2 Estimated DD Ionospheric Delay vs. Baseline Length vs. GPS Time 
 

Figure D.2 shows the estimated double-differenced ionospheric delay of all 

double difference satellite pairs versus baseline length using GPS-only, and an 

L1WL+I strategy for the long baseline case. This means that the ionospheric 

error is not considered to be significant for the data set used herein. 
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APPENDIX E 

The dynamics matrix of the 15 state Kalman filter linearzed SINS error model in 

the local level and ECEF frames corresponding to Equation 2.12 are given in 

this appendix. The dynamics matrix in local level frame is as following. 

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥

⎦

⎤

⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢

⎣

⎡

−−−+−−−+−−−+−−−+−−−

−−−+−−−+−−−+−−−+−−−

−−−+−−−+−−−+−−−+−−−

−−−+−−−+−−−+−−−+−−−

=

15,15

14,14

13,13

12,12

11,11

10,10

15,914,913,98,97,94,93,91,9

15,814,813,89,87,84,83,81,8

15,714,713,79,78,75,73,7

12,611,610,68,67,65,64,61,6

12,511,510,59,57,56,55,54,51,5

12,411,410,49,48,46,45,44,41,4

6,3

4,23,21,2

5,13,1

00|000|000|000|000
00|000|000|000|000
00|000|000|000|000

000|00|000|000|000
000|00|000|000|000
000|00|000|000|000

|000||00|0
|000||00|0
|000||00|00

000||0|0|00
000||0||00
000||0||00

000|000|000|00|000
000|000|000|00|0
000|000|000|00|00

F
F

F

F
F

F

FFFFFFFF
FFFFFFFF
FFFFFFF

FFFFFFFF
FFFFFFFFF
FFFFFFFFF

F
FFF

FF

F

  

hM
F

+
−=

ϕ&
3,1  

hM
F

+
=

1
5,1  

ϕλ tan1,2
&=F  

hN
F

+
−=

λ&
3,2  
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( ) ϕcos
1

4,2 hN
F

+
=  

16,3 =F  

( )
ϕ
λϕϕω

cos
cossin21,4

&N
NU

e
vvvF ++=  

( )
hN

hMvF
U

+
++−

=
ϕϕ tan

4,4
&

 

( ) ϕλω sin25,4
&+= eF  

( ) ϕλω cos26,4
&+−= eF  

UfF =8,4  

NfF −=9,4  

1110,4 RF =  

1211,4 RF =  

1312,4 RF =  

ϕ
λϕω

cos
cos21,5

&E
E

e
vvF −=  

( ) ϕλω sin24,5
&+−= eF  

hM
vF

U

+
−=5,5  

ϕ&=6,5F  

UfF −=7,5  

EfF =9,5  

2110,5 RF =  

2211,5 RF =  

2312,5 RF =  

ϕω sin21,6
E

evF −=  

e

U

R
F γ2

3,6 =  

( ) ϕλω cos24,6
&+= eF  

ϕ&25,6 =F  

NfF =7,6  

EfF −=8.6  

3110,6 RF =  

3211,6 RF =  

3312,6 RF =  

hM
F

+
−=

ϕ&
3,7  

hM
F

+
=

1
5,7  

( ) ϕλω sin8,7
&+= eF  

( ) ϕλω cos9,7
&+−= eF  
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1113,7 RF =  

1214,7 RF =  

1315,7 RF =  

ϕω sin1,8 eF =  

hN
F

+
=

ϕλ cos
3,8

&
 

hN
F

+
−=

1
4,8  

( ) ϕλω sin7,8
&+−= eF  

ϕ&−=9,8F  

2113,8 RF =  

2214,8 RF =  

2315,8 RF =  

ϕ
λϕω

cos
cos1,9

&
−−= eF  

hN
F

+
=

ϕλ sin
3,9

&
 

hN
F

+
−=

ϕtan
4,9  

( ) ϕλω cos7,9
&+= eF  

ϕ&=8,9F  

3113,9 RF =  

3214,9 RF =  

3315,9 RF =  

xb
F β−=10,10  

yb
F β−=11,11  

zb
F β−=12,12  

xd
F β−=13,13  

yd
F β−=14,14  

zd
F β−=15,15  

where the superscripts E, N, and U denote East, North and upwards (zenith) 

respectively; M is the Earth’s Meridian radius of curvature; N is the Earth’s Prime 

vertical radius of curvature; ϕ , λ , h  are latitude, longitude and height, 

respectively; eω  is the angular rate for Earth rotation; Ev , Nv , Uv  are velocity  

components represented in the local level frame; Ef , Nf , Uf  are 
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accelerometer-specific force components in the local level frame; Uγ  is 

normal gravity in the local level frame; xb
β , yb

β , zb
β  are gyro bias first order 

Gauss-Markov model coefficients for each axis; xd
β , yd

β , zd
β  are 

accelerometer drift first order Gauss-Markov model coefficients for each axis; 

and 

⎥
⎥
⎥

⎦

⎤

⎢
⎢
⎢

⎣

⎡
=

333231

232221

131211

RRR
RRR
RRR

l
bR  is a rotation matrix between the IMU body frame and the 

local level frame. 

 

For the sake of clarity, the dynamics matrix in the ECEF frame was separated 

into 25 3 by 3 dimensional matrix and is represented as follows: 

⎥
⎥
⎥
⎥
⎥
⎥

⎦

⎤

⎢
⎢
⎢
⎢
⎢
⎢

⎣

⎡

−
−

−
−−

=

d

b

e
b

e
ie

e
b

ee
ie

e

β0000
0β000
0RΩ00

R0FΩN
000I0

F
2

  

where 
⎥
⎥
⎥

⎦

⎤

⎢
⎢
⎢

⎣

⎡
=

333231

232221

131211

RRR
RRR
RRR

e
bR  represents the rotation matrix between the IMU 

body frame and the ECEF frame; 
⎥
⎥
⎥

⎦

⎤

⎢
⎢
⎢

⎣

⎡

−
−

−
=

0
0

0

xy

xz

yz
e

ff
ff
ff

F  is the skew-symmetric 

matrix for the specific force vector given in the ECEF frame; the coefficient 
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matrix 

⎥
⎥
⎥

⎦

⎤

⎢
⎢
⎢

⎣

⎡
+

⎥
⎥
⎥
⎥
⎥
⎥

⎦

⎤

⎢
⎢
⎢
⎢
⎢
⎢

⎣

⎡

+−

+−

+−

=
⎥
⎥
⎥

⎦

⎤

⎢
⎢
⎢

⎣

⎡
=

000
00
00

3133

3313

3331

2

2

2

2

22

22

2

2

222

2

3

333231

232221

131211

e

e
e

r
z

r
zy

r
zx

r
yz

r
y

r
yx

r
xz

r
xy

r
x

r
kM

NNN
NNN
NNN

ω
ω

N , 

where r  is the length of the geocentric position vector and kM is the product of 

the Newtonian gravitational constant, and the Earth’s mass; 
⎥
⎥
⎥

⎦

⎤

⎢
⎢
⎢

⎣

⎡ −
=

000
00
00

ω
ωe

e
ieΩ  

is the skew-symmetric matrix for the Earth rotation rate; I  is a 3 x 3 identity 

matrix; 
⎥
⎥
⎥

⎦

⎤

⎢
⎢
⎢

⎣

⎡

=

z

y

x

b

b

b

b

β
β

β

00
00
00

β  is a diagonal matrix of 1/(correlation time) of the 

first order Gauss-Markov process describing the accelerometer bias, and the 

1/(correlation time) of the first order Gauss-Markov process describing the gyro 

drifts is represented by 
⎥
⎥
⎥

⎦

⎤

⎢
⎢
⎢

⎣

⎡

=

z

y

x

d

d

d

d

β
β

β

00
00
00

β ; and 0  is a 3 by 3 zero matrix.  
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