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Abstract — Recent advances in 3D sensing technologies, as 

well as in inertial measurement technologies, have resulted in 
significant improvements in the accuracy of the localization of 
systems that combine all these sensors. Project Tango is one of 
the most successful examples of such systems. Developed by 
Google, it integrates in an Android mobile device a set of sensors 
and software required to provide accurate real-time 3D 
information when moving the equipment freely in hand. This is 
making mapping and navigation accessible to the general public, 
with evident applications in robotics, augmented reality, 
computer vision and others. The contribution of this paper is 
towfold: first, we present a thorough evaluation of the 
localization accuracy of the Tango platform in different 
conditions; second, we present a fiducial marker-based extension 
of the Tango localization system, which improves the localization 
estimates in certain conditions. The paper presents a set of 
experiments performed to evaluate the position and orientation 
errors in indoor environments, using Augmented Reality for 
visualization purposes, with and without area learning, e.g. using 
a priori information acquired from the environment. In addition, 
we propose a solution based on the use of additional visual 
markers, which allows the re-calibration of augmented content in 
specific locations, to improve tracking accuracy in dynamic 
environments where spatial and/or illumination changes may 
occur. A statistical analysis of the results shows that the Tango 
with area learning and the proposed solution provide a level of 
accuracy significantly better that the Tango without area 
learning. Moreover, the proposed solution can overcome some 
limitations of Tango with area learning when used in dynamic 
environments. 
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I.  INTRODUCTION  
The Tango platform empowers mobile devices with a 

6DOF real-time localization system, accurate enough to 
enable the construction of detailed maps of real environments.  

The main goal of this work is to evaluate the Tango 
platform accuracy to understand its strengths and limitations 

for use in indoor scenarios. The focus is in scenarios that 
require continuous 3D position information, with potential 
high levels of accuracy in dynamic environments where 
factors such as illumination and geometry may vary 
significantly over time. A set of experiments was devised to 
evaluate the position and orientation errors in indoor 
controlled environments using motion tracking (method 1) and 
using area learning (method 2).  

After preliminary tests it seemed clear that method 1 
produces significant errors and method 2 is very sensitive to 
environment changes; given these limitations we propose a 
solution that uses motion tracking with additional markers 
(method 3), which allows the re-calibration in specific 
locations, if necessary.  

Localization and Mapping are two of the most critical 
components in robotic systems, since they produce 
information to be used by other higher-level layers such as 
planning and execution. The combination of these 
technologies is referred to as Simultaneous Localization and 
Mapping (SLAM). Tango uses a Visual-based SLAM 
approach using an RGBD sensor (see [1] for a review of 
RGBD based SLAM) combined with orientation information 
provided by inertial units onboard the device. The levels of 
precision provided by Tango devices are unprecedented in low 
cost, embedded, commercial devices. This makes the Tango 
system a very interesting solution for robotic applications, 
which is why there are already tools to collect Tango data in 
Robot Operating System (ROS) environment1. 

II. PROJECT TANGO AND RELATED WORK 
Project Tango2 consists in a computing platform that 

detects the mobile device position and orientation by using 
advanced computer vision, image processing and specific 
vision sensors to obtain spatial perception [2]. Technologies 
such as motion tracking, area learning and depth perception, 
are presented by Google as the platform major capabilities 
used to improve the current state of hardware and software 
technology in mobile devices.   

Motion tracking3 allows the device to track its position 
and orientation through 3D space using a Visual-Inertial 
Odometry (VIO) [3] approach. Cameras determine changes in 
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position by evaluating the relative position of different visual 
features. This process is complemented with the analysis of 
rotation and acceleration data provided by the Inertial 
Measurement Unit (IMU) [4] of the mobile device. 

Tango area learning uses the Simultaneous Localization 
and Mapping (SLAM) approach [5], creates a map of key 
visual features of a physical space for later identification of 
that space. In this approach the system previously gathers and 
stores visual features in an Area Description File (ADF) (a 
description format of the visual features previously identified). 
This mechanism allows the device to evaluate its position and 
orientation comparing it with the previously created 
description increasing the motion tracking accuracy by 
correcting drifts occurring with the motion tracking alone.  
Area learning also gives the possibility to realign the devices 
with existing physical locations even after the device is turned 
off (while motion tracking has no references and always 
assumes a new space when powered back on) [6]. 

The first Android mobile device featuring this technology 
was released in June 2014. Since then, several works explored 
the platform capabilities, mainly for building triangular 
meshes from existing environment for later use in gaming [7] 
or for 3D space location and reconstruction [8][9][10][11].  
Many works use third party applications to review the Tango 
platform, focusing on technical specifications [12][13], but to 
our knowledge, Tango platform position and orientation 
accuracy is not well documented. This is a gap since 
depending on the scenarios tracking accuracy might be a 
limitation. An exception is the preliminary study presented in 
[14] that evaluates the Tango position error in a particular 
setup. However, it does not consider the orientation error 
neither presents results using area learning. Moreover, this 
study does not evaluate the influence of the type of 
movements performed during the acquisition process. 

III. STUDY 
The study we conducted to evaluate the limitations of the 

Tango platform, included three different methods for tracking 
the position and orientation errors in an indoor environment: 
Method 1 uses Tango motion tracking capabilities (with no 
learning); Method 2 takes advantage of the area learning; 
Method 3 is a new proposal, which combines Tango motion 
tracking with markers located in the environment to re-
calibrate the sensor (position and orientation) in intermediate 
locations.  

A. Tracking Methods 

The following subsections briefly describe the methods, 
which were implemented using Unity3D and Project Tango 
API4 in C#. 

1) Method 1 – Tango 

Method 1 relies on the motion tracking capabilities of the 
Tango platform.  It does not retain any memory of what it sees 
and does not need any previous information of the 
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environment (a significant advantage when compared with 
methods 2 and 3). 

2) Method 2 – Tango & Area learning 

Method 2 takes advantage of the Tango area learning 
capabilities. This method needs a previous step to allow the 
device to “see and remember” the key visual features of the 
physical space (namely edges, corners and other unique 
features). To take advantage of this learning mechanism the 
working area needs be previously scanned (learned) to 
produce an Area Description File (ADF). It is important to 
highlight that the conditions of the space scanned during the 
creation of the ADF (e.g. illumination, geometry and object 
positioning) should be maintained during the tracking after the 
initial learning step. Accuracy may decrease with variations in 
the conditions which may limit the scenarios were this method 
can be used. 

To simulate the influence of environmental changes we 
have introduced an experimental condition using this method 
with an ADF not corresponding to the current conditions of 
the space (method 2 with switched ADF). For this 
experimental condition, the ADF was created with constant 
artificial light but the measurements were performed with 
natural lighting instead. 

3) Method 3 – Tango & Markers 

Besides the methods available in the Tango platform, we 
propose an additional method that combines Tango motion 
tracking capabilities with fiducial markers (QR Codes). 
The objective is to allow the re-calibration of the position and 
orientation of the tracking (and consequent augmented reality 
content alignment) when viewing markers hoping for an 
accuracy improvement. Figure 1 presents a white square, 
which is the virtual marker current position given by the 
Tango motion tracking, and a red frame corresponding to the 
marker real position in the world, providing visual feedback of 
the position and orientation errors at the end of the calibration 
process. The white square and the red frame are overlapping in 
the figure, which reinforces the accuracy level of the proposed 
method.  

 

 
Figure 1 – Method 3 – Tango & markers: example after 1 run around the 
room. The white square represents the augmented marker position and the red 
frame the position of the marker in the real world. 

 



Figure 2 displays an example of the augmented content 
before and after the re-calibration process. After re-calibration 
the augmented content (white squares) is better aligned with 
the real markers, reducing the positioning and orientation 
errors accumulated with tango motion tracking. 
 

 
Figure 2 - Method 3 – Tango & Markers. Example of the augmented content 
before and after the marker-based re-calibration. The yellow line represents 
the real position alignment between the multiple markers, while the red line 
represents the virtual position alignment associated to the augmented content.  

B. Experimental design  

We considered the null hypothesis: there is no difference 
among the methods concerning the position and orientation 
errors in any acquisition mode with two levels, slow and fast 
movements. A secondary variable was also considered 
associated to the acquisition mode. The input variable was the 
method with four levels: m1 – Tango, m2 – Tango & area 
learning, m2_adf - Tango & area learning with switched ADF 
and m3 – Tango & markers. The output variables were: per – 
position error and aer – orientation (angle) error, the 
difference between the final and initial positions and 
orientations of the device, respectively.  

C. Experimental Setup 

Figure 3 shows the environment (a 34 m2 room) and the 
specific path followed to perform the measurements. For each 
method, 21 repeated measures were performed, using a 2016 
Android Lenovo Phab2 Pro, the first mobile device with 
Tango technology developed in partnership with Google5.  

We conducted all the measurements using slow and fast 
movements for all methods. Slow movements consist in 
moving the device around as steadily as possible, i.e. without 
making sudden movements. On the opposite, fast movements 
consist in moving the device around while performing sudden 
movements.  The goal is to evaluate the influence of the type 
of movements on the global accuracy.  

The experiments were conducted only indoors since the 
tracking capabilities of the Tango platform are compromised 
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while in outdoor environments [14] due to the use of an Infra 
Red sensor (IR) similar to the one used in other depth sensors. 
To control the influence of natural illumination we conducted 
the measurements with constant artificial light provided only 
by the lamps present in the room. Furthermore, the layout of 
the space was static, without changing neither the geometry of 
the environment or the position of objects. All measurements 
where conducted by one single individual, aiming to reduce 
the influence of other factors and improve the consistency of 
the study. 

 
Figure 3 – Room where the study was conducted. The path is marked in blue 
and the support (S) location is emphasized (top right image). The markers 
positions are highlighted in green circles (bottom image). 

IV. RESULTS 
Table 1 presents a summary of the obtained data for all 

methods. This section describes the Exploratory Data Analysis 
and statistical tests (using IBM SPSS software) that were 
performed. The exploratory and descriptive analysis [15] was 
performed in the following steps: 1 – comparing the position 
error and 2 – comparing the orientation error obtained with all 
methods using slow and fast movements. 

A. Position Error 

Position error was evaluated by analyzing the data 
obtained for all methods with slow movements first and then 
with the fast movements.  

The boxplots in Figure 4 show that the position errors for 
method 1 and method 2 with switched ADF are much larger 
and spread than the errors obtained with methods 2 and 3. 
While an ANOVA [16] is not applicable as the 
homoscedasticity condition (homogeneity of variances) is not 
verified, paired-sample  T-tests rejected the equality of means 
between methods 1 and 3 and method 2 with switched ADF 
and method 3 (Table 2). The mean position error for method 1 
(M=0.067m; SD=0.024m) is larger than the mean position 
error for method 3 (M=0.006m; SD=0,003m). A related-
samples T-test [17] showed significance beyond the .01 level: 
t(20)=11.377; p-value=0.000 (two-tailed). 



 
Figure 4 – Boxplots of the position error obtained with the four methods 
using slow movements (outliers are marked as ‘�’ and ‘o’).    
 

As in the case of the slow movements, the boxplots in Figure 5 
show that the position errors for methods 1 and 2 with 
switched ADF are much larger and spread than the errors 
obtained with methods 2 and 3 for fast movements. Similarly, 
an ANOVA is not applicable as the homoscedasticity 
condition is not verified but paired-sample T-tests rejected the 
equality of means between methods 1 and 3 and methods 2 
with switched ADF and 3 (Table 3).  

 

 
Figure 5 – Boxplots of the position error obtained with the four methods using 
fast movements (outliers are marked as ‘�’). 

Table 3 – Paired-sample T-test for methods 1 and 3 and for methods 2 with 
switched ADF and 3, concerning position error for fast movements. 
Method Mean Std 

dev N Diff Std dev  
diff t df p 

M1 0.089 0.242 21 0.080 0.033 11,068 20 0.000 M3 0.010 0.004 
M2_ADF 0.105 0.086 21 0.096 0.087 5.021 20 0.000 M3 0.010 0.004 
 

Based on these results the rest of the analysis will only 
compare methods 2 and 3, since they were the ones producing 
statistically significant smaller errors. While the boxplots in 
Figure 6 show slightly different median position errors for 
methods 2 (M=0.005m; SD=0.003m) and 3 (M=0.006m; 
SD=0.003m) for slow movements, paired-sample T-tests were 
used and did not reject the equality of means between the two 
methods.  The related-samples T-tests showed no significance 
for this difference: t(20)=-1.250; p-value=0.226 (two-tailed) 
(Table 4). This suggests that both methods produce similar 
position error for slow movements. 

 

 
Figure 6 – Boxplots of the position error obtained with the two best methods 
using slow movements (outliers are marked as ‘�’). 

 
Table 4 – Paired-sample T-test for methods 2 and 3 concerning position 
error for slow movements. 
Method Mean Std 

dev N Diff Std dev  
diff t df p 

M2 0.005 0.003 21 -0.001 0.004 -1,250 20 0.226 M3 0.006 0.003 
 

Regarding Figure 7, the boxplots show that the median 
position errors for method 2 are slightly smaller than the 
median position errors obtained for method 3. The difference 
is statistically significant meaning that method 2 (M=0.005m; 
SD=0.004m) produced smaller errors than method 3 
(M=0.010m; SD=0.004m) for fast movements. This suggests 
that method 2 is more robust than method 3 (as they were 

Table 1 – Summary of the mean and standard deviation of position and orientation errors and the distance walked for 21 measures  (M1 – Method 1 – Tango; 
M2 – Method 2 – Tango & area learning; M2_ADF – Method 2 – Tango & area learning with switched ADF; M3 – Method 3 – Tango & markers; SM – Slow 
movements; FM – Fast movements). 

 

Method 
Position Orientation Distance walked 

Mean Error ( m ) Standard deviation ( m ) Mean Error ( º ) Standard deviation ( º ) Mean Walked ( m ) Standard deviation ( m ) 

M1 SM 0.067 ±0.024 1.19 ±0.60 16.081 ±0.405 
FM 0.089 ±0.242 1.19 ±0.64 23.655 ±1.695 

M2 SM 0.005 ±0.003 0.90 ±0.50 15.687 ±0.464 
FM 0.005 ±0.009 0.85 ±0.41 15.818 ±0.202 

M2_ADF SM 0.033 ±0.034 1.25 ±1.05 15.688 ±0.631 
FM 0.105 ±0.086 1.32 ±1.22 15.483 ±2.228 

M3 SM 0.006 ±0.003 0.78 ±0.33 17.259 ±1.227 
FM 0.010 ±0.004 0.65 ±0.22 31.756 ±2.528 

 

Table 2 – Paired-sample T-test for methods 1 and 3 and for methods 2 with 
switched ADF and 3, concerning position error for slow movements.  
Method Mean Std 

dev N Diff Std dev  
diff t df p 

M1 0.067 0.024 21 0.061 0.025 11,377 20 0.000 M3 0.006 0.003 
M2_ADF 0.033 0.034 21 0.027 0.034 3.569 20 0.002 M3 0.006 0.003 
 



similar with slow movements, but method 2 copes better with 
fast movements during acquisition). A related-samples T-test 
showed significance beyond the .01 level: t(20)=-3.694; p-
value=0.001 (two-tailed) (Table 5). 

 

 
Figure 7 – Boxplots of the position error obtained with the two best methods 
using fast movements (outliers are marked as ‘�’ and ‘o’). 
 
Table 5 – Paired-sample T-test for methods 2 and 3 concerning position 
error for fast movements. 
Method Mean Std 

dev N Diff Std dev  
diff t df p 

M2 0.005 0.004 21 -0.004 0.005 -3,694 20 0.001 M3 0.010  0.004 
 

B. Orientation Error 

To evaluate the orientation error, we started by analyzing 
the results for all input variables associated to the slow 
movements first and then associated to the fast movements.  
Figure 8 shows the boxplots of orientation error obtained 
using the four methods with slow movements. During the 
analysis, an extreme outlier was detected regarding method 2 
with switched ADF. As such, the analysis was performed 
using only 20 measurements.  
 

 
Figure 8 – Boxplots of the orientation error obtained with the four methods 
using slow movements (outliers are marked as ‘o’). 
   

No significant differences were detected among the four 
methods. Although method 3 has a slightly inferior mean it is 
not statistically different from the other methods. The 
applicability conditions of the within-subjects ANOVA were 
verified through a Mauchly's sphericity test (p value=0.520) 
(Table 6) and thus ANOVA was used [18]. The mean 

orientation errors for the four methods are not significantly 
different: F(3.57)=1.690, p_value=0.180. Partial Eta 
squared=0.082 representing a medium effect (i.e. confidence 
in the statistical result).    

 

The boxplots in Figure 9 show the orientation error 
obtained using the four methods with fast movements. 
Similarly to the previous case, the applicability conditions of 
the within-subjects ANOVA were verified through a 
Mauchly's sphericity test (Table 7) and thus ANOVA was also 
used [18]. The mean angle errors (for fast movements) for the 
four methods are now significantly different: F(3.57)=5.77, 
p_value=0.002. Partial Eta squared=0.233 representing a large 
effect (i.e. confidence in the statistical result). Pairwise 
comparisons adjusted according to the Bonferroni method 
detected significant differences between methods 1 and 3 
(p_value=0.013) and method 2 with switched ADF and 
method 3 (p_value=0.009). 
 

 
Figure 9 – Boxplots of the orientation error obtained with the four methods 
using fast movements. 

V. DISCUSSION 
Method 1 (based on motion tracking) produced the worse 

results, with the higher mean position and orientation errors 
for both types of movements. Method 2 (with area learning) 
produced the lower mean position error, proving to be the best 
solution in this respect. However, our experiments indicate 
that, despite good results for position error, it has some 
limitations that can affect the position accuracy. Since it uses 
area learning to evaluate key visual features of a physical 
space (edges, corners and other unique features) in order to 

Table 7 – Mauchly sphericity test for orientation error with fast 
movements. 
Within- 
subject  
Effect 

W de 
Mauchly 

Approx. 
Chi. 
squared 

df Sig. 
Epsilonb 
Greenhouse-
Geisser 

Huynh-
Feldt 

Inferior 
Lim. 

Fast. 
Mov. 0,530 11,265 5 0,047 0,714 0,808 0,333 

Table 6 – Mauchly sphericity test for orientation error with slow 
movements. 
Within- 
subject  
Effect 

W de 
Mauchly 

Approx. 
Chi. 
squared 

df Sig. 
Epsilonb 
Greenhouse-
Geisser 

Huynh-
Feldt 

Inferior 
Lim. 

Slow 
Mov. 0,788 4,214 5 0,520 0,859 1,000 0,333 

 



recognize that area later, the lack of these visual features 
compromises its performance. Likewise, the accuracy is 
compromised when the device uses a specific ADF and the 
conditions of the environment change. This appears clearly 
with method 2 with switched ADF where changes in the 
amount of light in the environment resulted in a significant 
increase in the position and orientation errors. This might be a 
real limitation for several scenarios such as Museums or 
Industrial Warehouses, which are dynamic spaces with 
moving elements (people, robots and vehicles moving) and 
changing illumination conditions. 

Method 3, using motion tracking and markers allows re-
calibrate the position and orientation, improving the accuracy 
independently of the conditions, leading to similar results even 
in the case of dynamic environments. Even though this 
method seems promising, it requires a preliminary step where 
the markers need to be placed (manually) and their 3D 
position evaluated with some precision. Therefore, the better 
the positioning of the markers, the lower the position and 
orientation errors associated. Combining both methods could 
potentially lead to position and orientation errors similar to the 
ones obtained with method 2, with the benefits of not being 
compromised by changes in the environment conditions, 
provided by method 3. 

VI. CONCLUSIONS 
In this work, the Tango platform position and orientation 

errors were evaluated for four different methods in indoor 
environment. From the analysis of the errors obtained it is 
possible to conclude that method 2 – Tango & area learning 
and the proposed method 3 – Tango & markers present similar 
results, providing higher accuracy than the other two methods. 

The results show that method 1 (using motion tracking) 
presents large errors when compared to the remaining 
methods. As such, this method should only be used in 
scenarios where tracking accuracy is not an issue and the task 
can be performed successfully despite significant errors. Even 
though method 2 presents a lower position error, it can be 
compromised by changes in the conditions of the environment. 
As such, we deem method 3 as an interesting alternative since 
it allows for the re-calibration of the position and orientation, 
whenever needed, leading to a reduction in the errors. 
Moreover, while this method implies placing markers in the 
environment, this is an overhead that may be minimized by the 
use of natural markers to replace the QR codes. By doing so, 
this method might be used for example in Museums where 
paintings or other pieces of art could be used as natural 
markers avoiding any additional markers and their visual 
impact on the environment.  

At this stage of the work the results obtained with method 
3 are affected by the manual placement and position 
evaluation of the markers in the environment. As future work 
we want to develop a marker calibration process to define 
robust guidelines on how to place markers in a space and 
develop methodologies to ease the marker position 
determination to reduce the error associated to the manual 
evaluation of the markers position.  

Tango platform appears to be an interesting tool to support 
several applications in 3D indoor environments. However, our 
study suggests that the accuracy of the 3D indoor navigation 
could benefit from a solution that combines method 2 and 3, 
area learning with markers, providing a mechanism to 
calibrate augmented content when the scenario does not have 
enough visual features or has changing characteristics 
regarding geometry or illumination, which compromise the 
accuracy. Google has announced the termination of project 
Tango in 2018, opening the possibility of releasing the source 
code for this project. As such, it is now ever more important to 
report on the performance of this system to assess its usability 
in robotic applications. 
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