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Abstract— Localization is a basic issue of wireless sensor 

networks. In this paper with reference to the real-world 

experience from Green Orbs, and from a sensor system 

existed in forest results localization in the wild, which is 

very challenging due to various factors. In this paper, 

Localization with Combined and Differentiated approach is 

used which explicitly gives the free-range approaches and 

base-range approaches using received signal indicator. From 

the results the quality of ranging approaches affects the 

accuracy of localization. To receive good quality range, 

Localization with Combined and Differentiated method 

would be used for virtual localization, filtration, and quality- 

range. From the evaluations of base range and range free 

approaches with reference to the real world experience from 

Green Orbs results current position of localization 

approaches with accurate performance. 
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I. INTRODUCTION 

Localization is Crucial for many services provided from 

wireless area networks. The Global Positioning System 

(GPS) consists of various localization schemes, but these 

schemes fails to function the indoor activities under the 

ground or in forests. Base-Range methods calculate the 

distance among the nodes. Free-range methods measure the 

localization from network connectivity. The Localization 

results from range-free approaches are affected by node 

weight. This proposed work gives the information about the 

correct location in Green Orbs & it gives desired path for 

sensor network system existed in a forest. From the real-

world experiences and challenges of Green Orbs specifies 

that the localization in the wild is a great effort irrespective 

of the deployed simulations. There are few challenges from 

various aspects. One is range-free method and another one is 

range based methods. To address these challenges and 

limitations, we use Localization with Combined and 

Differentiated method. It inherits the benefits of both free-

range and base-range methods. 

The contributions of this work are summarized as follows. 

(1)We use a range-free scheme called virtual-hop 

localization, which makes full use of local information to 

avoid the non uniform node distribution problem. Using 

virtual-hop method we will get the accurate estimated 

locations. 

(2)In order to improve the ranging quality, we require two 

local filtration techniques, namely neighbourhood hop-count 

matching and neighbourhood sequence matching. The 

filtered good nodes can be used to improve the location 

accuracy of neighbouring nodes. 

(3) To separate the bad nodes from the process, we use 

weighted nodes estimation process to represent the correct 

range measures and to sustain these measures for longer 

time. 

(4) The Green Orbs system with proposed CDL introduced 

300 sensor nodes deployed in a forest which causes further 

evaluations with extensive experiments and large-scale 

simulations. This experimental result shows the CDL 

outperformance with high accuracy, efficiency, and 

consistency.  

A. History 

The existing work on localization depends up on its 

classification: Base-range and free-range localization. A 

range free approach depends on connectivity measurements 

from landmarks to the other nodes. Since the quality of 

localization is easily affected by node density and network 

conditions, range-free approaches typically provide 

imprecise estimation of node locations.  

Base-range approaches calculate the distances 

among the nodes and locate the nodes using geometric 

methods. RSSI-based range measurements are easy to 

implement. Empirical models of signal propagation are 

constructed to convert RSSI to distance. The accuracy of 

these conversions is sensitive to channel noise, interference, 

and multipath effects. However when there are a limited 

number of landmarks, range-based approaches have to 

undergo iterative calculation processes to locate all the 

nodes, suffering significant accumulative errors. We are 

mainly focusing on the issue of error control and error 

management with iterative localization. Only a portion of 

nodes are selected into localization, based on their relative 

contribution to the localization accuracy, to avoid error 

accumulation during the iterations.  

Comparing with the existing approaches, CDL is a 

combination of range-free and range-based schemes. It can 

independently localize a WSN. CDL addresses the issue of 

non uniform deployment with virtual-hop localization. 

Utilizing the information of estimated node locations, RSSI 

readings, and network connectivity, namely neighbourhood 

hop-count matching and neighbourhood sequence matching. 

CDL pursues better ranging quality throughout the 

localization process. This is the most significant 

characteristic of CDL that distinguishes it from existing 

approaches. 

B. Methods 

CDL Work Flow Methods  

The design of CDL mainly consists of virtual-hop 

localization, local filtration, and ranging-quality aware 

calibration. Virtual-hop localization initially estimates node 

locations using a range-free method. In order to approximate 

the distances from each node to the landmarks, each node 

count the virtual hops particularly for the errors caused by 
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the non uniform deployment problem. Subsequently, CDL 

executes an iterative process of filtration and calibration.

For each filtration step, CDL uses two filtering methods to 

identify good nodes for location accuracy. Neighbourhood 

hop-count matching filters the bad nodes by verifying a 

node’s hop counts to its neighbours. This neighbourhood 

sequence matching differentiates good nodes from bad ones 

by contrasting two sequences on each node. Each sequence 

sorts a node’s neighbours using a particular metric, such as 

RSSI and estimated distance. These identified good nodes 

are treated as references and used to calibrate the location of 

bad ones. Links with different ranging quality are having 

different weights. 

C.  Virtual-Hop Localization 

 For the first phase of CDL, virtual-hop localization initially 

computes node locations. This is an enhanced version of 

hop- count-based localization. Compared to the DV-hop 

scheme, virtual-hop particularly addresses the issue of non 

uniform deployment. Based on the output of virtual-hop 

localization, the sub- sequent localization processes in CDL 

are expected to achieve higher accuracy and efficiency of 

iteration 

1) Weakness of Range-Free Localization Algorithm 

There is a theoretical limitation on range-free localization 

algorithm that is based only on connectivity. Suppose sensor 

nodes are randomly distributed in the monitoring area. Each 

sensor can be regarded as a node in a graph, so that adjacent 

nodes are connected through their edges only if they can 

communicate with each other in one hop, i.e., they are less 

than the distance from each other. It is possible to move a 

sensor node over nonzero distance without changing the set 

of its 1-hop neighbours. The original and moved locations of 

nodes are in- distinguishable from the point of view of the 

network connectivity. The average Euclidean distance 

between its original location and a moved location that does 

not change the network connectivity gives a lower bound on 

the expected resolution achievable. A constant value of per-

hop distance for every node often causes errors on distance 

calculation from node landmarks. As a result, the 

localization accuracy of DV-hop is far from satisfactory. 

2) Virtual-Hop 

Since traditional hop-count-based technology does not 

differentiate two distances with the same hop counts, we 

propose a metric virtual-hop-count,, to represent the 

distance between an ordinary node and a landmark. Among 

the nodes with the same hop count to, nodes closer to should 

have a smaller.  

Each node consists of two parts: 

The first part is the average virtual hop count of 

node ’s previous-hop neighbours. The second part is the last 

virtual-hop-count—that is, the incremental vir- tual-hop-

count from ’s previous-hop neighbors to , denoted by. Here, 

a node ’s previous-hop neighbor is defined as a neighboring 

node whose hop count to landmarkis just one hop less than , 

next-hop neighbor is defined as a neighboring node whose 

hop count is just one hop more than.  

For any node , as long as the distance between it 

and landmark(denoted by ) satisfies, it has two hops to. In 

this case, the maximum residual of two distances with the 

same hop count is close to. For virtual-hop, such two nodes 

have different virtual-hop-counts. After calculating the 

distances to landmarks, each node computes its coordinates 

based on trilateration using Least Square Estimation (LSE), 

which is similar to DV-hop. 

3) Localization Accuracy of Virtual-Hop 

We see an experiment using the data from Green Orbs to 

compare virtual-hop localization with DV-hop, which 

includes 100 ordinary nodes and four landmarks. By fully 

exploiting the connectivity information of the local 

neighbourhood, virtual-hop-counts and characterize the 

nonuniform distribution properties with more reasonable 

hop counting. The nodes with sizable location errors should 

be identified and calibrated. We use ―estimated coordinates‖ 

to denote the node coordinates before filtration with this 

estimated coordinates, the iterative process of filtration and 

calibration further enhances localization accuracy. This 

involves the following two design criteria. First, filtration 

must identify as many good nodes with high localization 

accuracy as possible to facilitate calibration. Second, a good 

node is likely to have both good and bad links. Only the 

good links should dominate calibration, while the impact of 

the bad links must be restrained.  

D. Local Filtration 

Filtration consists of two steps: Neighbourhood hop-count 

matching and Neighborhood sequence matching. 

Neighborhood hop-count matching identifies the bad nodes 

with a wrong coordinates according to the residual between 

the real hop counts and estimated hop counts. 

Neighbourhood sequence matching distinguishes good 

nodes from bad ones according to the matching degree 

between RSSI sequence and distance Sequence. 

1) Large Error of Model-Based Filtration 

Filtration is very important in CDL. In order to illustrate its 

significance, we have to examine the efficacy of location 

calibration without differentiating good nodes and bad 

nodes. This is called straightforward model-based 

indiscriminate calibration. Using such calibration, every 

node’s location is adjusted directly based on the distances to 

neighbours converted from RSSI, using the log-normal 

shadowing model.  

2) Neighbourhood Hop-Count Matching 

Here each node takes neighbourhood hop-count matching as 

the first step to identify whether it is a good node based on 

local connectivity information. Note that hop count is indeed 

a rough estimation of the distance between two nodes. If a 

node’s hop counts to its neighbours greatly mismatches the 

distances calculated using the nodes’ estimated coordinates, 

w.h.p. the local node’s coordinates will have a large error. 

First, every node exchanges the estimated coordinates with 

its 2-hop neighbourhood. Second, after received the 

estimated coordinates, estimates the distance between them. 

Third, for each node within its 2-hop neighbourhood, 

estimates the hop count to its communication range. 
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3) Neighbourhood Sequence Matching 

Though model-based straightforward filtration is infeasible, 

RSSI still offers useful information. Generally, the RSSI 

between two nodes decreases monotonically as the distance 

increases. First, sorts its neighbours in descending order 

with regard to the RSSI from them, generating a sequence 

number for each neighbor. By mapping the sequence 

numbers we get the first sequence called RSSI sequence. 

Second, according to the estimated coordinates, sorts its 

neighbours in the ascending order with regard to the 

estimated distance between them, generating the second 

sequence is called distance sequence.  

E.  Ranging-Quality Aware Calibration 

1) Motivation of Range-Quality Aware Calibration 

(RQAC) Approach 

Given the range a measurement between bad node and its 

good neighbours, the estimation of’s location usually works 

by minimizing an objective function. To address the 

limitations of LSE and SISR, our scheme, called RQAC, 

adopts the weighted robust estimation technique. 

2) RQAC Estimator 

As the set of undetermined nodes includes both good and 

bad, we only use good nodes as references and do not 

include any undetermined nodes in the calibration. From the 

viewpoint of, the ranging quality of its neighbour is 

simultaneously determined by two factors: the location 

accuracy of , and the ranging error over the link from to . 

RQAC estimates the ranging quality of a good node with its 

good neighbours.  

The RQAC estimator is based on robust statistics. 

Robust statistics methods is tools for statistics problems in 

which the indicator of wireless link quality, the change of 

which actually reflects the impact of environmental 

dynamics. The local filtration and ranging-quality aware 

calibration of CDL tend to select the nodes and links with 

good ranging quality. This tendency appears to have more 

apparent effect when the quality of wireless links becomes 

diverse, suppressing the negative impact of unreliable 

wireless links on the Ranging results. 

The network topology is generated. 

1) Impact of Network Topology:  

Virtual-hop is a range-free localization that utilizes the 

connectivity information to locate sensor nodes. The 

performance of virtual-hop in both scenarios with uniform 

distribution and non uniform distribution results the 

nonuniform deployment of nodes which causes localization 

errors for both approaches. It is worth noticing that even 

virtual-hop localization in the nonuniform deployment is 

more accurate than the performance of DV-hop localization 

in the uniform deployment.  

2)   Impact of Ranging Error 

 Considering the ubiquitous ranging errors in the wild, the 

robustness of a localization approach against such 

interfering factors is the last but not least metric we want to 

evaluate.  

We use two parameters to control the degree of 

ranging errors. The first one is the percentage of bad links, 

which is respectively set at 0%, 10%, 20%, 30%, 40%, and 

50%. The other parameter is the relative ranging error. We 

assume in the simulations that the links on a node are either 

all good or all bad. The relative ranging error of a link 

conforms to a Gaussian distribution  where denotes the 

average of relative ranging error and is set at 0%, 10%, 

20%, 30%, 40%, and 50%, respectively.     

Compared to SISR, CDL has even better 

performance. When all the links are good, its localization 

errors reach near zero. Even when there are 50% bad links, 

CDL still performs robustly enough. The mean localization 

error is around 5 m. This results the remarkable advantages 

of CDL in extremely complex environments. 

3) Overhead Analysis  

Though cost is not the first concern of localization, we 

analyze the communication cost and time complexity in 

each phase of CDL. It denotes the number of beacon nodes 

and denote the average node degree.              

 

 

 

Comparing with the existing approaches, CDL will results 

wide localization accuracy and better quality which is 

independent for further evaluations and for consistency 

measures. This is the most significant characteristic of CDL 
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that distinguishes it from existing approaches. In local 

filtration, the communication node mainly incorporates 

information exchange with its 1-hop/2-hop neighbours. In 

RQAC, information exchange depends on two phases. Each 

bad node uses the robust estimator to calibrate its location, 

and the running time of its procedure.  

II. CONCLUSION 

 Localization has many practical challenges exist for the 

state-of-the-art schemes, especially when it comes to real-

world WSNs in complex environments. In this paper, we 

share our real-world experience, design, and evaluation of 

sensor nodes localization with Green Orbs, a system 

deployed in a forest. Our design, called CDL, applies a step-

by- step process to pursue the best possible localization 

quality. We have implemented CDL and carried out 

extensive experiments. These results state the performance 

of CDL from the existing methods with higher accuracy, 

efficiency, and consistency in the wild. This work may not 

be generalized to every possible case; we hope that the 

community could benefit from our understanding of the 

practical challenges of localization in large-scale WSNs 

deployed in wild. 

REFERENCES 

[1] Global Positioning System. Theory and Practice. 

Vienna, Austria:Springer, 1993, vol. 1. 

[2] N. Bulusu, J. Heidemann, and D. Estrin, ―GPS-less 

low-cost outdoor localization for very small devices,‖ 

IEEE Pers. Commun., vol. 7, no. 5, pp. 28–34, Oct. 

2000. 

[3] S. Crouter, P. Schneider, M. Karabulut, and D. 

Bassett, Jr., ―Validity of 10 electronic pedometers for 

measuring steps, distance, and energy cost,‖ Med. Sci. 

Sports Exercise, vol. 35, no. 8, pp. 1455–1460, 2003. 

[4] Z. Guo, Y. Guo, F. Hong, X. Yang, Y. He, Y. Feng, 

and Y. Liu, ―Perpendicular intersection: Locating 

wireless sensors with mobile beacon,‖ in Proc. Real-

Time Syst. Symp., 2008, pp. 93–102. 

[5] T. He, C. Huang, B. Blum, J. Stankovic, and T. 

Abdelzaher, ―Range- free localization schemes for 

large scale sensor networks,‖ in Proc. ACM 

MobiCom, 2003, pp. 81–95. 

[6] P. Huber and E. Ronchetti, Robust Statistics. 

Hoboken, NJ: Wiley,  2009. 

[7] L. Jian, Z. Yang, and Y. Liu, ―Beyond triangle 

inequality: Sifting noisy and outlier distance 

measurements for localization,‖ in Proc. IEEE IN-

FOCOM, 2010, pp. 1–9. 

[8] H. Kung, C. Lin, T. Lin, and D. Vlah, ―Localization 

with snap-inducing shaped residuals (SISR): Coping 

with errors in measurement,‖ in Proc.ACM 

MobiCom, 2009, pp. 333–344. 

[9] T. Ledermann, ―Evaluating the performance of semi-

distance-independent competition indices in 

predicting the basal area growth of individual trees,‖ 

Can. J. Forest Res., vol. 40, no. 4, pp. 796–805, 

2010. 

[10] M. Li and Y. Liu, ―Underground coal mine 

monitoring with wireless sensor networks,‖ Trans. 

Sensor Netw., vol. 5, no. 2, pp. 10–10, 2009. 

 


