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Abstract: The traffic flow condition in India is highly heterogeneous. This study aims at defining the Level of 

Service (LOS) categories for highly heterogeneous traffic condition for urban streets in Indian context. Global 

Positioning System (GPS) is used as a powerful tool for collecting speed data at every one second interval. For 

this study Free Flow Speed (FFS) data and average travel speed data are collected on five corridors of Mumbai 

city. These speed data are analyzed using neural gas clustering method. The optimal number of clusters is 

obtained using six validation parameters. Neural gas is used two times in this study process. First neural gas is 

applied on FFS data to obtain the speed ranges of different urban street classes. Second time neural gas is used 

on the average speed data to obtain the speed ranges of different LOS categories. The above study confirms that 

the FFS ranges for different urban street classes and speed ranges for different LOS categories are found to be 

lower than that suggested by HCM 2000. 
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I. INTRODUCTION 

Due to rapid urbanization the urban streets in India suffers from substantially poor operating 

conditions. This study aims at assessing the operating condition. Earlier techniques involved the use of probe 

vehicle for collecting the travel time data. But the accuracy with this method varied from technician to 

technician. With emerging technologies and development of computer systems the use of GPS has come to 

effect. GPS can be used to record the travel time, travel speed and location as latitude and longitude. Using GPS 

speed data can be collected in every one second interval. GPS becomes very effective in collecting large number 

of speed data and handling of such large number of speed data also becomes very easy. The occurrence of error 

is also minimized with the use of GPS. 

Defining LOS is basically a classification problem and cluster analysis is the most suitable technique 

that can be used for such kind of problem. In this study neural gas algorithm has been used for analysis purpose. 

Neural gas algorithm is used on the FFS data to classify the urban street segments into various urban street 

classes and to obtain the FFS speed ranges of different urban street classes. Neural gas algorithm is again used 

for the second time on the average travel speed data obtained during the peak and off-peak hours to determine 

the speed ranges of different LOS categories. Six validation measures have been used in this study to determine 

the optimal number of clusters. The speed ranges obtained in this study are found to be lower than HCM 2000. 

 

II. LITERATURE REVIEW 

Highway Capacity Manual (HCM, 2000) defined LOS as, ‘‘a qualitative measure describing 

operational conditions within a traffic stream, generally in terms of such service measures as speed and travel 

time, freedom to maneuver, traffic interruptions, and comfort and convenience’’ . The HCM 2000 also 

designates six levels of service for each type of facility, from “A” to “F”, with LOS “A” representing the best 

operating conditions and LOS “F” the worst [1]. The studies of Baumgaertner (1996), Cameron (1996) and 

Brilon (2000) all provided some insight into the limitations of the current LOS measure. Baumgaertner pointed 

out that the continuous growth of urban populations, vehicle ownership, average trip length, and number of trips 

has resulted in a significant increase in traffic volumes [2]. Kita and Fujiwara (1995) mentioned that quantitative 

measures of the level of service are not the level of service itself, but merely characteristics of traffic conditions 

which have rather a strong relationship to the level of service of the traffic, and not necessarily shows the quality 

of service perceived by the drivers [3]. Spring (1999) stated that the use of distinct boundaries or thresholds 
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limits the subjective and continuous characteristics of the quality of service [4]. Kittelson and Roess (2001) have 

noted down that the current HCM methodologies have not been based upon user perception surveys [5]. 

Flannery et al. (2005) while relating quantitative to qualitative service measuring methods for urban streets 

found that level of service calculated by HCM 2000 methodology, predicted 35% of the variance in mean driver 

rating. The authors have suggested that LOS does not completely represent drivers’ assessments of performance 

of urban streets because drivers perceive the quality of urban street segments in several dimensions, including 

travel efficiency, sense of safety, and aesthetics [6]. Taylor et al. (2000) have developed an integrated Global 

Positioning System and Geographical Information System for the collection of on-road traffic data from probe 

vehicle [7]. Kaufman and Rousseeuw (1990) presented a k-medoid algorithm which they call PAM (Partition 

Around Medoids) [8]. Chakroborthy and Kikuchi (1990) have discussed the application of fuzzy set theory to 

the analysis of highway capacity and level of service. The authors have shown the limitations of the current 

procedure to determine highway capacity and service level. In this study, fuzzy numbers were used to represent 

the values of input variables and output variables which were involved in calculating capacity and service level 

[9]. Lingra (1995) compared grouping of traffic pattern using the Hierarchical Agglomerative Clustering and the 

Kohonen Neural Network methods in classifying traffic patterns [10]. Brilon, and Estel, (2010) have offered 

standardized methods that permit a differentiated evaluation of saturated flow (LOS F) conditions beyond static 

consideration of traffic conditions in German Highway Capacity Manual [11]. Basu, et al. (2006) modeled 

passenger car equivalency for urban mid-block using stream speed as measure of equivalence. In this research a 

neural network approach was used to illustrate the effects of traffic volume and its composition level on the 

stream speed [12]. 

 

III. CLUSTER ANALYSIS 

 Neural gas algorithm was proposed by Martinez and Schulzen in 1991. This algorithm allows to find a 

generalization for a set of data represented as a group with similar characteristics.  

 

3.1 Neural gas algorithm 

The algorithm for Neural gas is as follows: 

Step1: Initialize the set A to contain N units Ci. 

 

Where A= {C1, C2,….., Cn } 

           With reference vectors Wci ε R
n
 chosen randomly according to expected distribution of ‘X’ samples. 

Also initialize the time parameter t as t=0 

Step 2: A random input ‘X’ is provided. 

Step 3: Order all elements of A according to their distance to X, i.e. , find the sequence of indices (i0, i1, ….., iN-

1)  such that Wi0 is the reference vector closest to X, Wi1  is the reference vector second closest to X and Wik, 

K=0, ….., N-1 is the reference vector such that k vectors Wj exist with    X - Wj       <     X - Wk    . We denote Ki (X, 

A) the number k associated with Wi. 

Step 4: Adapt reference vectors according to  

 

ΔWi= e(t). hλ(ki(X, A)). (X-Wi) 

              With the following time dependencies. 

λ(t)=λi  
  

  
 

 

    
                                                                          (1) 

 

  e(t)=ei  
  

  
 

 

                                                                                             (2) 

 

     hλ(k)= 
 
     

                                                                  (3) 

Step 5: Increase the time parameter t: 

 

t=t+1 

Step 6: If t<tmax , go to step 2. 

 

3.2 Validation Measures 

 Validation measures are used to obtain the optimal number of clusters. Optimal number of clusters 

depicts the number of groups into which a data set has to be divided. A single validation parameter is not 

sufficient to define the optimal number of clusters. Hence, six validation parameters have been used in this 

study. 
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A) Duda Index 

                  
     

     
 

     

  
                                                 (4) 

Where, Je(2) is the sum of squared errors within cluster when the data are partitioned into two clusters 

and Je(1) gives the squared errors when only one cluster is present. 

Wk, Wl, Wm are defined as Wq 

 

                                                                          
 

    

 
                                                             (5) 

 

is the within group dispersion matrix for data clustered into q clusters. 

It is assumed that clusters ck and cl are merged to form cm. 

Bkl= Wm-Wk-Wl, if cm=ck cl 

ni=number of observations in cluster ci, i=k,l,m 

The optimal number of clusters is the smallest q such that 

 

       
 

  
    

     
 

   
  

   
= Critical Value    

                                                                                       (6) 

Where, p=number of variables in the data set 

 Z=Standard normal score 

 

B) McClain Index 

This index consists of the ratio of two terms. The first term is the average within cluster distance 

divided by the number of within cluster distances. The denominator value was the average between cluster 

distance divided by the number of cluster distances. It is computed as follows: 

 

           
            

  
     

  
   

   
 

                

 
         

 
   

 
                                                      (7) 

 

q is the number of clusters. 

nk is the number of objects in the k
th

 cluster, k [1…..q]k in [1…..q] 

dij= distance between i
th

 and j
th 

objects. 

The minimum value of the index is used to indicate the optimal number of cluster. 

 

C) PtBiserial Index 

                                                     
                 

   
 
  

  
                                                                 (8) 

 

Where, 

dw = sum of within cluster distances 

db = sum of between cluster distances 

  ,  = respective means 

Sd = standard deviation of all distances 

nd = total number of distances 

fw = number of within cluster distances 

fb= number of between cluster distances 

Its value varies between -1 to +1 and the maximum values indicate the optimal number of clusters. 

 

D) Gplus Index 

                                                                   
     

        
                                                                            (9) 

Where, 

S(-) is the number of discordant comparisons i.e the number of times where two points which were in the same 

cluster had a larger distance than two points not clustered together. 

nd=total number of distances (which is the same as the total number of observations or objects under study). 

Minimum values of the index are used to determine the optimal number of clusters in the data. 

 

 



Defining Level of Service Criteria of Urban Streets Using Neural Gas Clustering 

www.iosrjen.org                                                    21 | P a g e  

E) Tau Index 

Tau index is computed as follows: 

                                                                
         

  
        

   
   

        

 
  
                                                          (10) 

 

Where, 

S(+) is the number of concordant comparisons. 

S(-) is the number of disconcordant comparisons. 

nd is the total number of distances (which is the same as the total number of observations or objects under 

study.) 

t is the number of comparisons of two pairs of points where both pairs represent within cluster comparisons or 

both pairs are between cluster comparisons. 

The maximum value in the hierarchy sequence was taken as indicating the correct number of clusters. 

 

F) Ratkowsky Index 

The index is based on the formula: 

                                                                                    
 

 
 
 

                                                                             (11) 

 

The value of   is equal to the average of the ratios of B/T where B stands for the sum of squares 

between the clusters for each variable and T for the total sum of squares for each variable. The optimal number 

of clusters is that value of q for which  /q
(1/2) 

has its minimum value. 

 

IV. STUDY AREA AND DATA COLLECTION 

4.1 Study Area 

 Mumbai, the business capital of India was chosen as the study area. In total five corridors were chosen 

for this study purpose, including four North-South corridor and one East-West corridor. During morning hours 

commuters move from North to South for work trip and return back towards North during evening hours. Four 

North-South corridors include Eastern express highway extending upto South (Corridor-1), LBS Road extending 

upto South via Ambedkar Road (Corridor-2), Western express highway extending upto marine drive (Corridor-

3), SV Road extending upto South via Veer Savarkar Road (Corridor-4), and the only East-West Corrisor is 

Versova-Andheri-Ghatkopar-Vashi (VAGV) (Corridor-5). These five corridors are overlapped on the GIS base 

map of Greater Mumbai are shown in Fig 1. 

 

 
Fig.1 Map showing selected corridors of Greater Mumbai 
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4.2 Data Collection 

 GPS has been used as a powerful tool for the collection of data for this study purpose. Mid-sized 

vehicle (car) was fitted with GPS receiver so as to collect the travel speed data and travel time data. 

 First type survey was carried to obtain the free flow speed data. For the collection of free flow speed 

data, sufficient knowledge is required about the time duration when the traffic volume is less than or equal to 

200 vehicles per lane per hour. 24-hour traffic volume count survey was conducted prior to the collection of free 

flow speed. The traffic volume data were collected on 45 stations on seven screen lines. In order to accomplish 

this study traffic volume per lane per hour was calculated for roads coming under this study area. It was 

established that free flow condition (less than 200 vehicles/ln/h) is approaching at 12 midnight and all roads 

sections are having free flow traffic condition from 1AM to 5 AM. Hence free flow speed for all these corridors 

were collected during these hours. 

 The second type of data collected was the congested travel speed. congested travel speed survey was 

conducted both during peak and off-peak hours on both directions of all corridors. Minimum number of trips 

covered for each directions of travel and for the study hours is three and can extend up to six. After the data is 

collected it is transferred back to computer using Pathfinder office version 3.0. 

 Third kind of data included roadway inventory details. For completing this study details on segments 

like segment number, number of lanes, pedestrian activity, access density, speed limit, number of flyovers, 

roadside development, construction activity, separate right turn lane, date and day of data collection and 

segment length were collected. Proper segmentation technique was applied during the data collection which is 

the directional stretch of road section immediately after signalized intersection to the location point immediately 

after the next signal. 

 

V. RESULTS AND ANALYSIS 

 For carrying out this study purpose six validation parameters has been used to determine the optimal 

number of clusters. FFS data is used as an input to classify the urban street segments. The values of the optimal 

number of clusters varied from four to seven numbers of clusters. The values of the validation parameters 

obtained are plotted in Fig. 2(A) to Fig. 2(F). 

 Literature survey indicates that the minimum value of Duda Index gives the optimal number of clusters 

for a set of data. The index is minimum for six numbers of clusters as shown in Fig. 2(A). For McClain Index 

the maximum value yields the optimal number of clusters. The index is maximum for four numbers of clusters 

as shown in Fig. 2(B). Study of literature reveals that the maximum value of PtBiserial Index gives the optimal 

number of clusters. The index value is maximum for four numbers of clusters as shown in Fig. 2(C).For Gplus 

Index the minimum value gives the optimal number of clusters. The index value is minimum for four number of 

clusters as shown in Fig. 2(D). Literature survey shows that the maximum value of Tau Index gives the optimal 

number of clusters. The index value is maximum for four numbers of clusters as shown in Fig. 2(E). The 

maximum value of Ratkowsky Index gives the optimal number of clusters. The index returns the maximum 

value for seven numbers of clusters as shown in Fig. 2(F). Out of the six validation parameters four validation 

parameters returned the value as four. Hence the urban street segments were classified into four classes using 

Neural gas algorithm. 
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Fig. 2 Validation measures for optimal number of clusters using Neural gas clustering 

 

 The free flow speed data collected from the hundred street segments of Mumbai city were clustered 

using neural gas algorithm. These free flow speed data were used for the classification of the street segments 

into four number of classes. The result obtained is represented in Fig. 3. The speed ranges can be depicted from 

the legends indicated in the figure. 

 The average travel speed obtained during the peak and off-peak hours were clustered using neural gas 

algorithm in six numbers of clusters. These six clusters give the speed ranges for different urban street classes. 

The result of the clustering is shown in Fig.4 (A) to Fig.4 (D). The legend in Fig.4 (A) to Fig.4 (D) gives the 

speed ranges for six LOS categories of urban street classes obtained by using neural gas clustering. The speed 

ranges for LOS categories found using neural gas clustering is shown in Table 1. It was observed that the values 

of free flow speed range of urban street classes and speed ranges of LOS categories obtained from the present 

study are different from that mentioned in HCM-2000. 

 

 

Fig. 3 Neural gas Clustering of FFS for Urban Street Classification 
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A: LOS of Urban Street Class I                       B: LOS of Urban Street Class II 

 

C: LOS of Urban Street Class III             D: LOS of Urban Street Class IV 

Fig. 4 Level of service of urban street classes (I-IV) using neural gas clustering on average travel speeds 
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 The speed ranges of different LOS categories and urban street classes depend on the physical features 

of road segments under consideration. The speed values obtained after clustering are checked for coherence with 

the physical characteristics of road segments under consideration obtained during inventory survey. Road 

segments with good geometric condition and surrounding environmental condition demonstrate good LOS i.e. 

LOS “A”, “B”, “C”. Moreover road segment with poor traffic flow, poor geometric condition and surrounding 

environmental conditions demonstrate poor LOS i.e. LOS “D”, “E”, “F”.  

 

VI. SUMMARY AND CONCLUSION 

 GPS has been used as a powerful tool for the collection of speed data. In the present study an attempt 

has been made to define the LOS criteria for developing countries with heterogeneous traffic condition. Six 

validation parameters have been used in the study purpose which helps us to classify the urban street segments 

into four numbers of classes (I-IV). Neural gas algorithm is used two times in the study. First it is used on the 

free flow speed data to classify the urban street segment into four numbers of classes. This helps us to obtain the 

speed ranges of the urban street classes. Neural gas is used for the second time on the average travel speed to 

determine the speed ranges of different LOS categories. The above study confirms that the speed ranges 

obtained in Indian context are different than that mentioned in HCM 2000. This is due to the side friction 

developed due to pedestrian movements across and along the stretch of road, road side vending and road side 

parking activities.  
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