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ABSTRACT 

This White Paper introduces a method for dramatically improving the accuracy of odometry 
for vehicles driven in structured indoor environments. The method is suitable for all vehicles 
controlled by human operators, such as the Segway HT or PT.  In this paper, we refer to all those 
human-operated vehicles collectively as “Personal Vehicles” (PVs). Our proposed method, 
called “Heuristics-Enhanced Odometry” (HEO) can also be applied to some, but not all 
autonomous mobile robots.  

HEO uses heuristic assumptions about the environment to correct odometry errors. The two 
main assumptions are that most indoor travel happens along straight corridors, and that most 
corridors intersect at 90° angles (45° angles are also acceptable). When these assumptions are 
true, HEO produces near-zero heading errors for runs of unlimited duration. This performance is 
sufficiently accurate to track the position of PVs for extended periods of time. HEO requires no 
hardware or sensors other than two wheel encoders. The algorithm can be implemented on 
simple microprocessors and with as little as ~20 lines of program code. 

The paper presents extensive experimental results obtained from a Segway HT equipped with 
two external wheel encoders. Our results show that HEO reduces odometry errors by at more 
than one order of magnitude.   

1 INTRODUCTION 

Arguably the most widely used method for tracking the position of vehicles is odometry. In 
computer-controlled vehicles, such as mobile robots or remotely operated ground vehicles, 
optical incremental encoders are mounted on at least one left and one right wheel to count 
fractions of wheel revolutions. The difference between left and right encoder pulse counts is 
directly proportional to changes in heading, and the average of left and right encoder pulse 
counts is directly proportional to linear displacement. With the well known equations of 
odometry it is very easy to compute the relative change of position of a vehicle, making 
odometry an inexpensive solution for position estimation.  

The disadvantage of odometry is its unbounded accumulation of errors. Because of these 
errors it is typically unfeasible to use odometry as the only source of position information for 
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extended periods of time. Additional, so-called absolute positioning methods must be used to 
reset the accumulated odometry errors periodically. One motivation for improving the accuracy 
of odometry, as we attempted to do in our work, is that accurate odometry allows for longer 
periods of driving in-between periodic absolute positioning updates. This is especially true in 
indoor applications, where GPS is unavailable and absolute positioning systems typically require 
the costly installation of numerous beacons or markers.  

In this White Paper we introduce an unconventional approach to improving odometric 
accuracy in those applications in which a person guides a Segway HT or PT. Our proposed 
approach, called “Heuristics-Enhanced Odometry” (HEO), makes use of the structured nature of 
most indoor environments, without having to directly measure features of the environment. 
Specifically, HEO applies two simple but highly effective heuristic assumptions. The main 
heuristic assumption is that most travel inside buildings happens along straight lines, usually 
imposed by corridors, walls, or traffic patterns. A second assumption is that these straight lines 
intersect at angles of 90°, as is true in the vast majority of all man-made structures. As long as 
these assumptions are true for most of the travel, HEO works very reliably. In cases where these 
assumptions are known not to be true, HEO will not work well at all. An example is the 
Pentagon in Washington DC, USA, which has a pentagonal footprint and thus doesn’t meet the 
90° assumption. Another example of an application, in which HEO will not work, might be a 
game of wheelchair basketball, in which players drive around in arbitrary patterns, thus violating 
both heuristic assumptions.  

While prolonged violations of the two heuristic assumptions will render HEO ineffective, the 
method is nonetheless very robust in the face of shorter violations of the heuristic assumptions. 
For example, HEO will easily tolerate the crossing of a large hall (e.g., in a mall or hotel) at an 
angle other that 90°.  

We believe that in the overwhelming majority of all indoor applications our heuristic 
assumptions are met. When this is the case, HEO reduces odometric position errors by at least 
one order of magnitude, making it possible to track the position of PVs accurately and reliably 
over extended periods of time. To do so, HEO requires no sensors other than two conventional 
wheel encoders for odometry. HEO is extremely simple and can be implemented in ~20 lines of 
program code and on low-cost microprocessors.  

Section 2 describes our odometry hardware system designed for the Segway HT, while 
Section 3 provides extensive experimental results.  

Note: This White Paper only presents experimental results of our 
work, without providing details on how our HEO method works. We 
will disclose the working of the HEO method in a forthcoming paper.  
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2 SEGWAY HT ODOMETRY SYSTEM 

For the implementation and testing of the HEO 
algorithm on a human-controlled PV, we chose a 
Segway Human Transporter (HT), shown in 
Figure 1. The Segway HT does not allow user-
access to odometry data. For this reason we 
designed and implemented our own quadrature 
encoders. 

Since the Segway’s drive motors are not 
easily accessible, we decided to mount encoders 
directly to the wheels, which can be removed 
from the vehicle by unscrewing the single wheel 
nut. In our design we aimed at implementing an 
encoder system that would be able to withstand 
variations in alignment and sensor-to-wheel 
spacing. Because the encoder is open to the 
environment, we chose to avoid optical slit or 
reflective surface sensing, or any system that dirt 
or grime could interfere with. For these reasons 
we chose a solution based on magnetic sensing.  

We designed custom encoder disks to mesh 
with the structure of the Segway wheel hubs. We 
then laser-cut these disks out of durable acetal 
plastic (see Figure 2). Each encoder disk has 100 
holes around its rim, into which we press-fit 
cylindrical neodymium magnets. The magnets 
are axially magnetized, and placed with their 
magnetic fields in alternating orientations. This 
way a sensor at the rim of the disk will see 
alternating magnetic poles as the disk rotates.  

We selected latching digital hall-effect sensors 
to detect the rotation of the disks. We mounted 
the sensors on plastic spacers, which were press-
fit into oval shaped holes, intended for cable 
locks, in the Segway HT fenders (see Figure 3). 
For quadrature encoding we mounted the sensors 
in pairs, spaced at one half of the distance 
between the magnets on the encoder disks to 
produce square waves 90° out of phase. 

In order to sample the data from our wheel 
encoders we built a portable, microcontroller-
based quadrature decoder and data logger. Rising 
or falling edges of the hall-effect sensor signals 

 
Figure 1: Odometry-instrumented Segway HT. 

 
Figure 2: Segway HT wheel fitted with magnetic 
encoder disk.  



 4

trigger interrupts on the microcontroller, and these 
signals are decoded and counted at 4× resolution. 
Since each pair of magnets produces one complete 
square wave, the 100 magnets on each encoder disk 
are read as 200 encoder pulses per wheel revolution. 
This amounts to a linear resolution of about 7.2 mm 
per encoder pulse. 

The logger has an internal rechargeable battery 
pack, which lasts for several hours of operation and 
longer than the Segway HT’s battery. An LCD 
screen displays system and battery status to the user, 
as well as the current encoder counts (see Figure 4). 
A pair of buttons provides a basic start/stop user 
interface. For simple transfer to a personal 
computer, the encoder counts from each wheel are 
logged as plain ASCII text to an SD memory card at 
10 Hz. 

In testing, the encoders performed well. They 
produce clean, properly offset square waves, even 
when the wheels are loaded and imperfectly aligned, 
and when the encoder disks are dirty. The sampling 
rate of the microcontroller is several orders of 
magnitude greater than the maximum encoder 
frequency, so no encoder ticks are missed. The data 
is properly logged, and the text files can easily be 
imported into a spreadsheet or other processing 
program. Figure 5 shows a block diagram of our 
Segway HT wheel encoder hardware system. 

One noteworthy problem with odometry for the 
Segway HT is the comparatively poor accuracy that 
we observed in experiments. We believe the 
foremost problem to be the elasticity of the tires, 
which compress under load and thereby change the 
effective wheel diameter. Indeed, Segway HT tires 
are inflated to a relatively soft 15 psi to provide a 
comfortable ride for human users. By comparison, 
mobile robots typically have low profile tires that 
are designed to be stiff. In addition, wheels designed for odometry are usually thin, to minimize 
uncertainty about the effective track width [6]. The problem is further exacerbated by the fact 
that the human riders of Segways shift their weight from side to side during a ride (for comfort or 
to lean into turns), thereby changing wheel compression quite significantly. In the experimental 
runs described in the following section, we observed odometry-based heading errors reaching 
100 degrees and more in the course of 15 minutes and a typical length of just over 1 mile.  

Figure 3:  Hall effect sensors mounted near 
encoder disk. 

Figure 4: Quadrature encoder and logger 
interface. 
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Figure 5: Block diagram of our odometry 
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3 EXPERIMENTAL RESULTS  

This section presents experimental results obtained with a Segway HT that was retrofitted with 
the odometry system described in Section 2. We performed 10 indoor runs, each lasting just over 
15 minutes and averaging 1,880 meters (1.16 miles) in length. In each run, the Segway started 
and stopped at the exact same location. Figure 6 and Figure 7 show the results of two 
representative runs. In order to create these figures, we plotted each estimated trajectory over the 
appropriate floor plan. For each run, we show the trajectory resulting from odometry only, and 
from odometry plus HEO corrections. As is quite apparent from these qualitative results, with 
HEO there are virtually no heading errors. 

In order to obtain quantitative experimental results, it is necesary to compare the measured 
position and heading against ground truth. In outdoor experiments, ground truth can usually be 
obtained conveniently from GPS. Indoors, without GPS, obtaining ground truth is a bigger 
problem. For our indoor experiments, we compiled ground truth data for X-Y position and 
heading from architectural floor plans. Using this rather tedious method, ground truth for X-Y 
coordinates can only be estimated by assuming the Segway drove along the center of corrdidors. 
In reality, and especially in wide corridors, the rider frequently switched “traffic lanes” to avoid 
pedestrians. Furthermore, we did not estimate ground truth position and heading during turns, 
since it is virtually impossible to guess at the Segway’s true trajectory and momentary heading 
during turns. For the same reason, we did not attempt to compile ground truth heading data 
during quick lane changes or obstacle avoidance maneuvers. 

 

 

 

(a) (b) 
Figure 6: 15-minute Segway ride (named “Run 7”) with a total travel distance of 1,986 m (1.23 miles). 
(a) With odometry only, the average position error was 36.4 m (the second-worst odometry error of the 10 runs).  
(b) With HEO, the average position error was 1.2 m.
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Despite some discontinuities in ground truth data, we believe that the quantitative results 
reported here reflect accurately on the performance of our system. To support this contention, let 
us consider an example, in which the Segway had a 10-meter position error while driving 
through a corridor before a 90-degree turn, and an 11-meter position error while driving in the 
next corridor, after the turn. Since position errors don’t have sudden jumps, one can reasonably 
assume that the position error during the turn itself was not much smaller than 11 meters and not 
much larger than 12 meters. Omitting the samples associated with the turn (because we don’t 
have ground truth data for them) from the computation of the average errors will therefore not 
skew the results in a significant manner. 

In practice, we could determine ground truth for heading and position in about 80% of all 
sampling intervals (T = 1 sec). Whenever ground truth was available, we compared computed 

(a) 

(b) 
Figure 7: 15-minute Segway ride (Run 10) with a total travel distance of 1,796 m (1.12 miles).  
(a) With odometry only, the average position error was 16.3 m. (b) With HEO, the average position error was 1.0 m.  
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position and heading with ground truth position and heading. After each run, we computed the 
average position an heading errors as follows: 

The average position error for Run j is given by: 

∑
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where  
Epos,avrg  – Average position error for this run in meters. 
xi,yi  – Estimated position at sampling interval i, in meters. 
xi,gt,yi,gt  – Ground truth position at sampling interval i, in meters. 
n  – Number of samples for which ground truth was available. 

The average heading error for Run j is given by: 
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where  
Eθ,avrg  – Average heading error for this run, in degrees. 
θi  – Estimated heading at sampling interval i, in degrees. 
θi,gt  – Ground truth heading at sampling interval i, in degrees. 

Eθ,avrg and Epos,avrg are plotted in Figure 8 for all 10 runs.  
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(b) 
Figure 8: Average position and heading errors for 10 Segway runs in indoor environments. Runs lasted just over 15 
minutes and averaged 1,880 meters (1.16 miles) in length.  The right-most bar in each chart is the average of the 
individual average errors of the 10 runs. (a) Heading errors (the HEO heading errors of ~0.6° are barely visible at the 
very bottom of the chart), (b) position errors. 
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In order to obtain representative measures of performance (listed in Table I), we then 
computed the average of average errors, posE  and θE , according to 
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where m = 10 is the number of 
runs.  

3.1 Parameter tuning 

For the odometry system there 
are three tunable parameters, 
P2H, P2D, and WCO, as listed 
in Table II.  

P2H and P2D can be 
computed from the nominal 
wheel diameters, encoder 
resolution, and track-width 
(i.e., the nominal distance 
between the wheels). 
However, due to uncertainties 
and variations in these 
geometric parameters, it is usually more accurate to estimate the odometry parameters 
experimentally. For that reason we tuned these parameters only after completing the 10 
experimental runs. We tuned P2H and WCO such that they produced the smallest average 
heading error θE , and we tuned P2D such that it provided the subjectively best match to the 
floor plans.  

The HEO algorithm uses the odometry parameters of Table II, but it also requires the four 
additional tunable parameters listed in Table III. All four tunable HEO parameters were hand-
tuned to minimize the average 
of average position errors, 

posE , as listed in Table I.  

Of, course, when hand-
tuning parameters, one wants 
to know about the sensitivity 
of the system to the fine-
tuning of these parameters. In 

Table I: Summary of quantitative results for the 10 Segway runs that 
make up the so-called “Training Set.”  

 
Odometry 

only  
Odometry 
plus HEO 

Improvement 
from HEO 

Average of average 
heading errors θE  27.5° 0.62° 44-fold 

Average of average 
position errors posE  18.4 m 1.33 m 13.9-fold 

Largest position error  
anywhere in the 10 runs 101 m 6.00 m 16.8-fold 

Table II: Tunable parameters for the odometry system and their hand-tuned 
values.  
Parameter Value Units Description 

P2H 0.74485 deg/pulse 
Converts difference between left 
and right wheel encoder pulse 
counts to heading. 

P2D 0.003692 m/pulse 
Converts average pulse count of left 
and right wheel encoders to linear 
distance. 

WCO 0.99975 Dimension-
less 

Wheel diameter corrector. 
Multiplies all pulses counted by the 
left wheel encoder to correct for the 
difference in wheel diameters. 

Table III: Tunable parameters for the HEO algorithm and their hand-tuned 
values.  
Parameter Value Units Description 
ic 0.018 degrees Gain of the binary I-controller. 
c1 1.0 pulses-1 Sharp-turn attenuation constant. 

Θ 12° degrees Threshold for the Heading 
Difference Attenuation function. 

m -0.3 degrees-1 Slope of the Heading Difference 
Attenuation function. 
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informal testing we changed all four parameters through a range of 20%-350% without 
substantial degradation of performance. The HEO algorithm only failed when we changed ic by 
more than 350%. The other three HEO parameters have virtually no effect at all during normal 
operation, i.e., when the heuristic assumptions of travel along dominant directions are met, as 
was the case in all 10 runs.  

3.2 Test Set 

Another, perhaps more conclusive way of assessing the robustness of hand-tuned parameters is 
to perform additional runs, but this time with the tunable parameters “frozen” to the previously 
tuned values (i.e., the values shown in Table III). Borrowing terminology from the field of 
Neural Networks, we call the initial set of 10 runs used for tuning the parameters the “Training 
Set,” and the set of five additional runs that use the frozen parameters the “Test Set.”  

For the Test Set experiment, we 
performed an additional five runs, 
all of similar duration and length 
as those of the Training Set. The 
results are summarized in Figure 9 
and Table IV. The significance of 
the Test Set results is that they are 
representative of the performance 
we can expect from future runs 
performed with the set of frozen 
parameters. 

Table IV: Summary of quantitative results for the five Segway runs of 
the Test Set.  

 
Odometry 

only  
Odometry 
plus HEO 

Improvement 
from HEO 

Average of average 
heading errors θE   33.5° 0.58° 57-fold 

Average of average 
position errors posE  17.4 m 1.37 m 12.7-fold 

Largest position error  
anywhere in the 5 runs 131 m 5.25 m 25-fold 
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(b) 
Figure 9:  Average position and heading errors for the five Test Set runs. The right-most bar in each chart is the 
average of the individual average errors of the five runs. Runs lasted just over 15 minutes and averaged 1,914 
meters (1.2 miles) in length. (a) Heading errors (note that the HEO heading errors of ~0.6° are barely visible at the 
very bottom of the chart), (b) position errors.  
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3.3 Arbitrary Motion 

In order to get a sense of how sensitive the HEO algorithm is to deviations from the heuristic 
assumption of travel along dominant directions, we performed two additional runs. In run 
“Arbi-1” the Segway rider performed arbitrary maneuvers such as driving around in circles for 
three 30-second intervals during a 15-minute ride (i.e., for about 10% of the total trip time), as 
shown in Figure 10. Besides these three intervals, all motion was along dominant directions, as 
in the 10 original runs. All odometry and HEO parameters were kept exactly the same as in the 
10 original runs, that is, as shown in Table II and Table III. The results of Arbi-1 with HEO 
correction were an average heading error of 0.65° and an average position error of 1.7 m. Both 
results are comparable to those of the 10 original runs. 

In run “Arbi-2” we challenged the system further. In this 15-minute run there were six 
segments with arbitrary motion, each of about 60 seconds in duration. This equates to about 40% 
of the total travel time being spent on arbitrary motion. As is apparent from the resulting track in  
Figure 11, position 
errors were significantly 
larger in this run, with 
an average position error 
of 6.95 m.  

The Arbi-2 run 
brought HEO to the 
brink of failure. This 
assessment is based on 
our observation that—
although the average 
heading error remained 
close to zero with the 
preset HEO parameters 
of Table III—a 10% 
change in some of these 
parameters would cause 
the system to fail. HEO 
failure means that the 
“corrected” heading 
snapped to the wrong 
dominant direction, 
thereby causing a 
permanent 90-degree 
error for all subsequent 
heading estimations.  

 

 
Figure 10: In Run Arbi-1 the Segway performed three 30-second intervals of arbitrary 
motion, such as driving around in circles (see circular traces on the left-hand side of 
the wide, horizontal corridor). 
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3.4 HEO Mode n 

In all of our discussion to this point we worked with the assumption that there are four dominant 
directions, Δ, in man-made structures, spaced 90° apart. In the few instances in which we found 
corridors and walls that didn’t match this assumption, perhaps half of the exceptions were those 
that involved angles of 45°. While the HEO method as described so far (with Δ = 90°) will not 
work in these cases, it is quite possible to adapt HEO so that it does work with these cases. To do 
so, one only needs to change the value of the dominant direction interval, Δ from its original 
value of 90° to 45°, and re-tune the HEO parameters (note that this will increase the number of 
dominant directions to eight, by 
including all multiples of 45°). We 
call this mode of operation “Mode 
45” because the key characteristic of 
this mode is that the dominant 
direction interval Δ = 45°. 
Consequently, the original HEO 
mode with Δ = 45° and only four 
dominant directions is called 
Mode 90. Table V shows the 
performance of HEO in Mode 45, for 
the 10 Training Set runs and the five 
Test Set runs. 

Indeed, theoretically it is possible 
to work with even more dominant 
directions. For example, in the case 
of the Pentagon’s pentagonal-
footprint, the greatest common 
denominator for all possible angles 

 
Figure 11: In Run Arbi-2 the Segway performed arbitrary motion for six 60-second intervals during the 15-minute 
ride. With six out of 15 minutes (40%) spent moving arbitrarily, the HEO system came very close to failure and even 
though it didn’t fail, the position errors are much larger than in other runs.  

Table V:  Summary of results for Mode 45 (i.e., with eight dominant 
directions spaced at 45° intervals) applied to the 10 Training Set 
runs and the five Test Set runs. 

Training Set Runs 

 
Odometry 

only  
Odometry 
plus HEO 

Improvement 
from HEO 

Average of average 
heading errors θE   27.5° 0.57° 48-fold 

Average of average 
position errors posE   18.4 m 1.59 m 11.6-fold 

Largest position error  
anywhere in the 10 runs 101 m 6.88 m 14.7-fold 

Test Set Runs 
Average of average 
heading errors θE  33.5° 0.44° 76-fold 

Average of average 
position errors posE   17.4 m 1.54 m 11.3-fold 

Largest position error  
anywhere in the 5 runs 131 m 5.58 m 23-fold 



 12

between corridors is 9°. Thus, “Mode 9” with Δ = 9° could work – if it wasn’t for the following 
problem:  

The problem with small Δ is that HEO fails (i.e., snaps to the wrong dominant direction) when 
uncorrected odometry heading errors exceed Δ/2. Heading errors of this magnitude are quite 
possible because during a lengthy interval of arbitrary motion, HEO’s attenuators effectively 
suspend HEO corrections, thereby allowing large odometry errors to accumulate. Obviously, the 
smaller Δ, the easier it is to for arbitrary motion to cause errors in excess of Δ/2. On the other 
hand, in applications in which a very accurate fiber-optic gyro is used to reduce heading errors, 
Mode 9 might conceivably work. HEO would not be obsolete even in conjunction with a fiber-
optic gyro, because even those gyros suffer from drift on the order of 5°/hour. HEO could 
eliminate that drift entirely. 

With the poor odometric accuracy of our Segway, HEO Mode 45 still works, but only with 
the 15 runs that conform to the heuristic assumptions. For the two arbitrary motion runs, Mode 
45 barely worked with Run Arbi-1 and failed with Run Arbi-2.  

3.5 Measurement of Odometry Heading Errors with the Integrator I  

One interesting by-product of the HEO algorithm is that it provides accurate, real-time estimates 
for the actual momentary odometry heading error, ε. For illustration, we include Figure 12 that 
shows our real-time estimate of drift for 10 (shown in Figure 7). Our data shows that in this run, 
the largest momentary difference between the HEO-corrected heading and ground truth during 
steady state was 2.4°. This leads us to believe that the plot of Figure 12 represents the true 
odometry heading error with an accuracy of 2.4° or better.  

4 CONCLUSIONS  

This paper introduced the Heuristics-Enhanced Odometry (HEO) algorithm for the Segway HT 
or PT. HEO is applicable in most structured indoor environments, in which all major travel 
routes are parallel to what we call “dominant directions.” Most rectangular-footprint buildings 
have four dominant directions that are parallel to the outside walls and are thus spaced at 90-
degree intervals. The paper also discussed options for dominant directions spaced at 45° intervals 
or less.  
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Figure 12: Plot of Integrator I versus time for Run 10 (shown in Figure 7). This plot is a mostly accurate 
representation of actual odometry heading errors incurred during that run. 
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In environments that meet these specifications, HEO effectively eliminates all odometry-
related heading errors. In doing so, HEO also reduces position errors by one order of magnitude. 
HEO eliminates odometric heading errors regardless of their origin, be it the result of systematic 
causes such as unequal wheel diameters and uncertainty about the actual track width or that of 
non-systematic causes such as the traversal of bumps or cracks on the floor.  

The main limitation of HEO is that the basic heuristic assumption of travel along dominant 
directions must be met most of the time. In our experiments with the Segway HT, we found that 
HEO is resilient to wildly arbitrary motion as long as such motion is not maintained continuously 
for more than 30-60 seconds. If these limits are exceeded, then HEO may fail. Failure occurs 
because HEO suspends its error correction during arbitrary motion, thereby allowing odometry 
heading errors to accrue. If such heading errors exceed 45° in Mode 90 (the standard mode that 
assumes four dominant directions in a building), HEO may fail by “snapping” to an incorrect 
dominant direction. Personal vehicles that produce only small odometry errors are more tolerant 
to arbitrary motion, since they accrue odometry-based heading errors at a slower rate.  

One other benefit of HEO is that it provides an accurate measure of momentary heading 
errors. This information can be used to spot and correct systematic errors, and it may allow for 
design improvements.  


