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Abstract— The great amount of available data nowadays 

requires new and varied ways of computational processing. In 

this direction, literature shows examples where mobile devices 

are used for online processing of new acquired data from their 

own, embedded sensors. Nonetheless, the use of these devices for 

high processing tasks is yet based on technical suppositions. In 

this article, through the performance characterization of five cell 

phone models, we try to give some hints about processor usage 

and memory consumption. In order to do this, we implemented 

algorithms for classification and optimization tasks to be run on 

android O.S. based devices. The results, to the best of our 

knowledge, are the first to be shared and suggest that cell phone 

processing power is applicable to several purposes in dataset 

analysis.  

Keywords—Machine learning, Mobile devices, Soft computing. 

I. INTRODUCTION 

With the substantial increment in data acquisition (via 
sensors) and processing capabilities of mobile devices, new 
applications are being developed. These efforts assume that 
these devices could be used as real online processing units. 
Moreover, this assumption envisions the possibility of 
developing robust applications for situations in which no 
network availability exist and cloud computing could not be a 
possibility. For instance, new developments in the Roadway 
Surface Disruption classification problem assumes as a 
possibility that cell phones could train ML algorithms and 
perform a correct event classification [5,6,7,8]. Nevertheless, 
there is a lack of studies focusing on characterizing the real 
capabilities of mobile devices running intensive computing 
applications. In the best case, these studies have remarked that 
applications using machine learning algorithms are available, 
but ignoring processor usage and memory consumption 
requirements [9], even in some cases the real processing is 
offline and the cell phone is only used for light tasks. 

For this project we compared up to five different cell phone 
models. Although in this paper, for space requirements, we 
present the results of two of these equipments. These devices 
correspond to mid-range and low-end models, which are more 
widespread than high-end models. The performance metrics 
that we used are processor usage and memory consumption. 
We think that a cell phone keeping low these two metrics is 
able to handle day-to-day applications without any trouble. The 
algorithms that were selected correspond to very popular 
techniques in the machine learning field, such as artificial 

neural networks, decision trees and genetic algorithms, among 
others [1, 2,3]. 

With this study, to the best of our knowledge, the first 
performance characterization tests in this direction are made.   

The order of the paper is as follows. In section II, we 
succinctly describe the five algorithms that we implemented. 
Section III presents datasets and performance metrics obtained 
during the experimental setting. Section IV presents a 
discussion about the main findings, and finally section V 
concludes and throws some ideas for future research.   

II. MATERIALS AND METHODS 

For the experimental section we implemented five algorithms 

which are commonly used for tasks that require intensive 

processing. These algorithms were chosen since the tasks we 

are interested in tackling follows a ML approach.  

A. K-means algorithm 

Given a dataset in any number of dimensions, the goal of this 

algorithm is to generate k clusters where each point within the 

dataset is assigned to one of these clusters, therefore making 

possible a hypothetical classification of the data. 

B. A greedy algorithm  

For some algorithms greediness is a philosophy that considers, 

as a criterion, choosing the best option at a given time. In this 

way, the algorithm constructs a primal solution in polynomial 

time. 

C. Genetic algorithm 

 This algorithm evolves solutions using some operators that 

mimic those existing in living organisms. This heuristic is 

very popular in the optimization field, providing very good 

results for hard computational problems.  

D. Artificial neural networks 

This algorithm is mainly applied to regression and 

classifications tasks. It models how neurons work through 

activations functions, which in turn allow identifying patterns 

within the data. 

E. Decision trees 

The data in these trees is classified taking into account the 

amount of information present, which was previously 
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calculated via entropy. At the end, the class of a data point is 

assigned depending on the label of the leaf where the data 

point ended.  

 

To have a perspective of resources that are consumed by 

running these algorithms, we implemented them in five cell 

phones model whose characteristics are shown on table I. For 

 

Comparison purposes a desktop computer was used to run the 

same algorithms as well. 

TABLE I.  SPECIFIC FEATURES OF CELL PHONES USED IN THE 

PROJECT. GRAY COLUMNS INDICATE THOSE DEVICES WHOSE PERFORMANCE 

ARE PRESENTED IN THE EXPERIMENTAL SECTION 

  PC Device1 Device2 Device3 Device4 Device5 

Brand Lenovo LG Sony Motorola Blu Samsung 

Model G460 L9 
Xperia 

Mini Pro 
RAZR i Dash 5.0 

Galaxy 
S4 

CPU 

Intel 

Core I3 

CPU 
M380, 

Dual 

core 
2.53 

GHz 

Dual-core                

1 

GHz Cort

ex-A9 TI 

OMAP 

4430 

Qualcomm 

Snapdragon 

Scorpion 

Single Core 

1Ghz 

Procesador 

Intel Atom 

Z2460 

2GHz, GPU 

PowerVR 

SGX540 

MediaTe

k 

MT6572 

Dual 

Core 

1.3GHz 

Qualcom

m 

Snapdrag

on 600 

Quad 

Core 1.9 

GHz 

RAM 4 Gb 1Gb 512 Mb 1Gb 512 Mb 2 Gb 

OS Win 7 
Android 

4.1.2 
Andorid 

2.3.7 
Andorid 

4.0.4 
Andorid 

4.2 
Andorid 

4.4 

 

III. EXPERIMENTS 

A.  K- Means algorithm run 

In order to run this algorithm, 10,000 points in two 

dimensions were generated. The algorithm was asked to group 

the points in 50 clusters. An exemplar output is shown in fig. 

1. 

 

 
 

Fig. 1. Graphical representacion of the 50 groups found by the k-means. 

We run the algorithm several times on different instances of 

the same size. Performance results of three instances on device 

1 are presented on table II.  

 
TABLE II.   PERFORMANCE METRICS FOR DEVICE 1 ON K-MEANS 

 

Performance results for device 2 on the same setting are 

shown on table III. 

TABLE III.  PERFORMANCE METRICS FOR DEVICE 2 ON K-MEANS 

 

Iterations Time (secs.) 
Processor 

usage (%) 
RAM(Mb) 

 

75 44 89 16 

 

103 62.41 97 14.46 

  133 78.59 87 14.45 

Avg. 103.66 185 91 14.97 

Time/iterations 1.78 

  
As mentioned earlier, we run the same algorithm on a desktop 

computer for comparison purposes. These results are 

presented on table IV. 

TABLE IV.  PERFORMANCE METRICS FOR COMPUTER ON K-
MEANS 

 

Iterations Time (secs.) 

 

86 10.56 

 

117 14.57 

  141 16.51 

Avg. 114.666667 41.64 

Time/iterations 0.36313954 

B. Greedy algorithm run 

We decided to test this algorithm on an instance of the 

classical Travelling Salesman Problem. The algorithm was 

given a dataset with coordinates of 9,947 cities located in 

Japan. The optimal tour (left panel) and the tour generated by 

the greedy algorithm (right panel) are shown in fig. 2. 

 

 
 Iterations Time (Secs.) 

Processor 

usage (%) 
RAM(Mb) 

 70 55.56 38 5.69 

 167 110.19 46.8 5.97 

 161 107.37 47 6.94 

Avg. 132.66 273.12 43.93 6.2 

Time/iterations 2.05 
 

 
 



Fig. 2. Left panel, optimal tour. Right panel, tour generated by the greedy 

algorihm on device 1. 

The performance metrics for the run of the greedy algorithm 

on the Japan dataset for device 1 is shown on table V. Again, 

several runs of the algorithm over the same instance were 

calculated. 

TABLE V.  PERFORMANCE METRICS FOR DEVICE 1 ON 

GREEDY ALGORITHM 

  

Time 

(secs.) 

Processor 

usage (%) 
RAM(Mb) 

  64.57 46.9 5.06 

  73.13 47.3 6.48 

  74.41 49.3 5.04 

  73.44 48 5.84 

  74.38 48.4 6.16 

Avg. 71.986 47.98 5.716 

Same performance metrics for device 2 are presented on table 

VI. 

TABLE VI.  PERFORMANCE METRICS FOR DEVICE 2 ON GREEDY 

ALGORITHM 

  

Time 

(secs.) 

Processor 

usage (%) 
RAM(Mb) 

  69.28 92 51.14 

  71.01 87 18.73 

  81.49 91 53.62 

 

81.08 89 18.11 

 

91.09 82 53.38 

Avg. 78.79 88.2 38.996 

The results for desktop computer on the same setting is 

presented in table VII.  

TABLE VII.  EXECUTION TIME FOR COMPUTER RUNNING THE 

GREEDY ALGORITHM 

 

Time 

(secs.) 

 

12.17 

 

12.23 

 

12.31 

 

12.34 

 

12.58 

Average 12.326 

C. Genetic algorithm run 

To test this algorithm we used an instance of the knapsack 

problem, where 10,000 objects (value and volume) were 

randomly generated. We set the limit of the knapsack to be 

500 volume units.  

Results for the analysis of this algorithm on the devices are 

presented on table VIII and IX, respectively. For the computer 

desktop the results are shown on table X.  

TABLE VIII.  PERFORMANCE METRICS OF GA ON DEVICE 1 

  Time (secs.) 
Processor 

usage (%) 
RAM(Mb) 

 

308.12 48.4 4.87 

 

306.34 48.7 4.76 

 

304.27 45.4 4.78 

 

305.15 44.9 4.72 

 

301.04 48.4 4.87 

Avg. 304.984 47.16 4.8 

TABLE IX.  PERFORMANCE RESULTS OF GA ON DEVICE 2 

 

Time 

(secs.) 

Processing 

usage (%) 
RAM(Mb) 

 

349.17 90 22 

 

347 97 19.74 

 

356.17 87 19.74 

 

387.01 97 22 

 

342.16 88 20.15 

Avg. 356.302 91.8 20.726 

TABLE X.  EXECUTION TIME OF GA ON COMPUTER. 

 

Time (secs.) 

 

11.1 

 

11.54 

 

11.48 

 

11.23 

 

11.34 

Avg. 11.338 

D. Artificial neural network run 

For this classifier we used the very well known Iris flower 

dataset [4], which is composed by the length and the width of 

petals and sepals of samples of iris flower. 

The neural network was configured to be a multilayer  

perceptron, with a hidden layer with five neurons on it. The 

performance results of the training phase for devices 1 and 2, 

are shown on tables XI and XII, respectively. The computer 

results are shown on table XIII.  

TABLE XI.  PERFORMANCE METRICS OF ANN (TRAINING) ON 

DEVICE 1. 

  Time (secs.) 
Processor 

usage (%) 
RAM(Mb) 

  3.53 6.42 9.65 

  2.17 11.8 21.5 

  1.57 11.8 24.1 

  3.46 6.78 8.96 

  3.18 16.5 8.83 

Avg. 2.782 10.66 14.608 

TABLE XII.  PERFORMANCE ETRICS OF ANN (TRAINING) ON 

DEVICE 2 



 
Time 

(secs.) 

Processor 

usage (%) 
RAM(Mb) 

 
4.52 33 21.05 

 
5.43 72 18.44 

 
3.26 76 18.55 

 
3.39 16 20.98 

 
5.48 17 21.77 

Avg. 4.416 42.8 20.158 

TABLE XIII.  EXECUTION TIME OF ANN (TRAINING) ON COMPUTER 

 

Time (secs) 

 

0.58 

 

0.5 

 

0.54 

 

0.52 

 

0.38 

Avg. 0.504 

 

E. Decision tree run 

For this classifier we created our own dataset with 47 data 

points which belong to one of three different classes and each 

data point having 35 features. Since this algorithm proved to 

be light in memory consumption, we only report the execution 

time for each device on table XIV.  

TABLE XIV.  EXECUTION TIME OF THE THREE DEVICES RUNNING 

DECISION TREE 

 

Computer Device 1 Device 2 

 

Time (secs) Time (secs) Time (secs) 

 

0.09 0.35 0.35 

 

0.1 0.23 0.44 

 

0.15 0.42 0.34 

 

0.07 0.31 0.5 

  0.13 0.28 0.57 

Avg. 0.108 0.318 0.44 

IV. DISCUSSION  

As expected, the performance metrics of the devices running 

these algorithms were influenced by the type of cell phone 

used, e.g., mid-range, low-end. For the k-means and genetic 

algorithm, the Xperia model used as twice as much processor 

capacity as the L9 model. Even more, the Xperia nearly reach 

the full capacity of its processing power, suggesting that low-

end models may need to be only dedicated units to run these 

algorithms. When testing the greedy algorithm, there was a 

major difference in the memory consumption, the Xperia 

model used an order of magnitude more memory than the L9 

model.  In the case of the neural network, the processor usage 

was the main difference, being for the low-end cell phone five 

times larger than its competitor. 

One interesting issue has to do with the running of the 

decision tree algorithm. This algorithm happens to be the 

lightest in memory consumption and processor usage among 

all the algorithms. This fact may suggest that there exist a real 

possibility of using any mid-range and high-end cell phone 

type for intensive data processing. A point that adds to this 

discussion is that only the resources that were consumed 

during the training phase were shown. It is well known that 

the training phase is more costly than the direct application of 

these algorithms for classification purposes [2, 3]. This keeps 

the door open to think of real processing possibilities for these 

devices.   

V. CONCLUSIONS AND FUTURE WORK 

In this article we present a comparison of two models of cell 

phones running machine learning algorithms for 

classifications and optimization tasks. The results suggest that 

low-end models may present problems with processor and 

memory usage. On the other hand, a mid-range model could 

handle relatively well one of these applications, suggesting 

that these devices could be used to treat small to medium 

datasets without interrupting the normal use of the cell phone. 

As a ongoing work we are adding more cell phone models to 

this experiment, extending the datasets, and implementing 

more algorithms such as Support vector machines and 

reinforcement learning techniques. 
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