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Abstract-Acquiring real-time traffic information is a basic requirement for dynamic vehicular 

navigation systems. The majority of the current navigation systems are based on static traffic 

information. Building on Mobile Crowd Sensing technology, we propose CANS (Context-Aware 

Traffic Estimation and Navigation System), a context-aware system that can estimate traffic state 

without any requirement for expensive infrastructure. Using only available equipment, it can provide 

dynamic navigation service to drivers. The proposed system consists of three main components 

including local traffic estimation, global traffic aggregation, and navigation. In this system, vehicles 

estimate local traffic state using vehicular contextual information including speed and acceleration by 

relying on fuzzy logic, and transmit the information to the urban server. The server integrates the 

received local traffic information from different vehicles and estimates the global traffic state, providing 

the traffic-aware navigation system to drivers. CANS performance is evaluated for an urban scenario 

in a traffic flow in Birjand, Iran. The experiment is conducted for evaluating CANS in both traffic 

congestion estimation as well as navigation. The results show an accurate estimation of traffic states 

along urban roads. Compared with previous approaches, CANS overrides them for its reduced travel 

time. 

Keywords: Vehicular Ad-hoc Network, Traffic Congestion Estimation, Navigation, Pervasive 

Computing, Mobile Crowd Sensing 

1- Introduction 

Vehicular Ad-hoc Network is a branch of Mobile Ad-hoc Networks (MANETs) and a part of the 

intelligent transportation systems, which has emerged thanks to the advances in wireless technology 

and automobile industry [1-5]. VANET allows vehicles to communicate directly with each other, 

known as vehicle-to-vehicle communication (V2V). Vehicles can also communicate with road-side 

units via vehicle-to-infrastructure communication (V2I) [6-8]. VANETs have provided the required 

infrastructure for a wide range of transportation applications [9]. 

Nowadays, with the increase in urban traffic, a main concern of drivers is to find the route with the 

shortest travel time. The development of an efficient navigation system for urban roads that can locate 

an optimum route from the starting point to the destination is an important issue in intelligent 

transportation systems. This relies on important factors such as the length of the route, current traffic 

state, and conditions of the route including maximum speed limit and the number of traffic lights along 

the route. The more intelligently these factors are selected, the better the selection of the optimized 

route. Some of these factors are static e.g., length of the roads and speed limit. However, some are 

dynamic and change over time, e.g. traffic level. Therefore, two key issues need to be taken into 

consideration when developing a navigation system based on dynamic traffic information: the way to 

acquire dynamic traffic information, and the selection of the shortest route in terms of travel time. 
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Today, Traffic level of streets is usually obtained via deploying special purpose infrastructure including 

video cameras [10-12] and loop detectors [13-15]. The drawbacks of this mechanism include low 

accuracy (because of spotted data collection), incomprehensive spatial coverage, as well as high costs 

for infrastructure deployment and maintenance [16]. Alternatively, probe vehicles have been utilized to 

periodically sense and report their position, speed, and travel time. Hence, a specific server gathers 

these data and  estimates the traffic congestion level, accordingly [17-19]. In fact, this approach is based 

on the dynamic collection of traffic data by certain mobile vehicles distributed across the road network. 

While these techniques have the advantage of widespread spatial and temporal coverage and high 

accuracy, they require probe vehicles for traffic information collection, which is indeed costly. At the 

same time, some studies have used the vehicular networks to detect traffic conditions [20-23]. On the 

other hand, most current approaches to navigation, ignore traffic information, or solely navigate on 

static traffic information. In the latter approach, the amount of traffic is considered invariant at all times. 

Therefore, it cannot reflect the emergency events such as accidents or temporary events like road 

construction, which lead to different traffic congestion. 

In light of the significant advances in information technology, the new idea of context-aware systems 

has emerged as an efficient approach to improve the area of transportation. Context-aware systems 

continuously monitor the environment and adapt their actions to the environmental situation. Context 

is defined as "any information that can be used to characterize the situation of an entity" [24, 25]. This 

paper makes use of this key technology together with vehicular networks for dynamically estimating 

traffic state.  

In this research, a Context-Aware Traffic Estimation and Navigation System (CANS) is proposed. The 

traffic estimation part is an extension of our previous paper [26] in which a vehicle could only estimate 

its local traffic. This idea is now extended using Mobile Crowd Sensing technology [27, 28] such that 

the new system is able to estimate the global traffic of a whole region, dynamically. Moreover, CANS 

uses this dynamic traffic information for navigation. It provides a service to find the shortest route in 

terms of travel time.  The proposed architecture of CANS consists of three main components including 

local traffic estimation, global traffic estimation, and navigation. The local traffic estimation is adopted 

from our previous work [26] in which vehicles act as mobile traffic sensors that measure their local 

traffic state. For this, each vehicle periodically computes its context information of average speed and 

mean absolute acceleration. Afterward, it uses them to estimate local traffic congestion by utilizing a 

fuzzy system. After that, each vehicle transmits the information about the measured local traffic 

congestion of its relevant road segment to the urban server through vehicle-to-infrastructure 

communication (V2I). The global traffic estimation component on the urban server aggregates the 

received local traffic information from the vehicles and publicizes the global traffic state of the city. 

The navigation component on the urban server uses the global traffic information to find the optimum 

route between an origin and destination pair. It estimates the cost of each street segment in terms of 

travel time plus the delay time at intersections and waiting time behind traffic lights. When a vehicle 

requests for a route to the destination, the navigation component uses the global traffic information to 

estimate the cost of each street segment and locate the best path using Dijkstra algorithm. Thus, the 

optimal route and information about, for example, travel time and length of the route, are displayed to 

the driver. 

In summary, the contribution of the paper is twofold. First, it uses context-awareness and mobile 

crowdsensing to dynamically estimate local traffic and to aggregate it for being used by the navigation 

system. Second, it proposes the architecture of a navigation system that exploits this dynamic 

information to provide a path with lowest travel time. The performance of the proposed system is 
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evaluated in a scenario based on road network of Birjand City, Iran, using realistic traffic flow. For this 

purpose, one section of the city with an area of 7 km * 6 km with 362 street segments and 102 

intersections is considered. The evaluation results show an accurate traffic level estimation on 

urban roads. In addition, the proposed navigation system is evaluated and compared with static and 

CATE [29] navigation systems for different origin-destination pairs. The evaluation results show 

that the proposed system has better performance for routing in urban network in terms of 

reducing the travel time.  

The rest of the paper is organized as follows: Section 2 reviews related works on context-aware traffic 

estimation and navigation. In section 3, we describe the proposed system architecture, which involves 

three components for traffic state estimation and navigation. Section 4 presents the experiments 

accomplished to evaluate the performance of the CANS, and discusses the comparison results. Finally, 

conclusions and future research directions are provided in section 5.  

2- Related Works 

Advances in context-aware systems have motivated researchers to use this new technology as a potential 

approach for estimation and measurement of traffic state as well as for vehicular navigation. In this 

section, previous research concerning context-aware traffic estimation and navigation is reviewed.  

2-1 Context-aware Traffic Estimation 

Traffic congestion estimation has been studied extensively. The majority of these studies are based on 

deploying specific infrastructure to collect traffic data, which requires considerable cost to implement. 

Moreover, it suffers from incomprehensive spatial coverage and low accuracy because of spotted data 

collection and generalizing it. In recent years, there have been a few enquiries that have applied context-

aware computing technology to estimate traffic state, which are reviewed below. 

Considering the time-dependent nature of traffic flow, a road traffic prediction model has been proposed 

[30]. It is based on differentiating between peak and non-peak traffic periods. It uses them to train two 

context-aware random forests for each time period as the traffic prediction model. Nonetheless, the 

prediction occurs with a high error rate, and dynamic traffic information such as accidents is ignored. 

Raphiphan et al. [31] have developed a distributed traffic report system to help route selection. Their 

study calculates traffic state for sensor-less road segments or occasions where mobile sensors’ data is 

not available. This approach builds on combining context information and reasoning over them. To do 

this, the approach uses the contextual information including weather data, time of the day, day of the 

week, workday, school break, as well as previous traffic information to reason traffic state. It actually 

predicts traffic state by considering traffic patterns extracted from a set of general context. It is rather a 

static approach and cannot consider the impact of dynamic situations on traffic state.  

In our previous paper [26], local traffic state is estimated by proposing a fuzzy system. In this system, 

each vehicle acts as a mobile traffic sensor and estimates its local traffic congestion using two fuzzy 

variables of average speed and mean absolute acceleration. This idea is extended in the current study 

using mobile crowd sensing technology such that the global traffic state is estimated dynamically as 

high-level context information by integrating the local traffic information computed by the vehicles. 

Later, building on this dynamic traffic information, a traffic-aware navigation system is developed.  

2-2 Context-aware Navigation 
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Many of the available navigation systems rely on finding the shortest distance path. However, 

sometimes driving a longer path may take less time due to the traffic situation. Kim et al. [32] have 

developed Optimize Your Time (OYT) System to find the fastest subway path. The system uses the 

user’s context information including time and current location to find the nearest station to the user. 

Based on the timetable of trains and the destination of the user, it displays the optimal route in terms of 

travel time. 

Wang et al. [33] have proposed an energy-driven route planning system for fully electric vehicles. The 

system uses traffic data, road length, and road slope and offers a route with minimum travel time and 

energy consumption. In this system, each vehicle computes the traffic level on the road link as the ratio 

of the average speed to the road speed limit. The result is shared with other vehicles through vehicle-

to-vehicle (V2V) communication. The system has been evaluated using SUMO simulator on the road 

network of Bradford, UK. 

CATE (Computer-Assisted Traveling Environment) [29] allows vehicles to share the traffic information 

with their neighboring vehicles, and reroute dynamically based on the collected traffic information. In 

this system, each vehicle computes its local traffic state. The result is then shared with neighboring 

vehicles. In CATE, vehicles’ travel time is considered as the degree of congestion on the road. 

Whenever a vehicle exits a road segment, it creates a traffic sample involving time spent by the vehicle 

on road link, which is disseminated to the neighboring vehicles. Using the collected traffic samples, the 

vehicles can then reroute dynamically. Moreover, a number of solutions are tested and evaluated for 

accurate estimation of the current traffic conditions on the basis of the collected traffic samples in the 

scenario of Portland. From among the solutions, “most recent estimate” algorithm shows a more 

satisfactory performance than other solutions in reducing travel time. In this algorithm, CATE selects 

the most recent sample as the link’s weight and based on which, it navigates. The solution has a proper 

ability to reduce travel time as far as traffic state would not change quickly. However, if the traffic state 

is highly dynamic, link’s weight can heavily fluctuate since the traffic samples vary. In this case, the 

most recent sample could cause error in estimating the current traffic state. 

The CANS system does not require any specialized infrastructure or probe vehicles to collect traffic 

information, making it cost-effective. Mobile crowd sensing is utilized to estimate traffic state 

dynamically by using vehicles as traffic sources. Subsequently, the global dynamic traffic information 

is utilized to navigate user’s destination.    

3- CANS: The Proposed Framework 

In this section, the architecture design of CANS is described. CANS provides a dynamic traffic 

estimation as well as traffic-aware navigation system for vehicles. Figure 1 shows the overall structure 

of CANS’s architecture. The proposed system consists of three main components: local traffic 

estimation, global traffic estimation, and navigation. The local traffic estimation component is located 

on the vehicle, while the other two components are on the urban server. Below, each one of the 

components is explained in detail.  
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Figure 1: Architecture of CANS  

3-1 Traffic Estimation 

The first major functionality of CANS is traffic congestion estimation. It makes use of Crowd Sensing 

technology [27, 28], and obtains traffic information via a two-level scheme. At the bottom, each car 

inferences local traffic and acts as a sensor. At the top layer, the information generated by a crowd of 

cars is aggregated to the global traffic information.  

3-1-1 Local Traffic Estimation 

Local traffic estimation is adopted from our previous paper [26]. We briefly describe it in this 

subsection. As shown in Figure 1, the local traffic congestion estimation module is located on the 

vehicles. In fact, each vehicle is considered as a mobile sensor to obtain its local traffic information. 

For this, they periodically compute the average speed and mean absolute acceleration as contextual 

information. Afterwards, these contextual elements are regarded as two fuzzy variables. The fuzzy 

system aims to estimate the local traffic state as the ouptput fuzzy variable. It seems that speed of a 

vehicle has  reverse relation with local traffic state. Therefore, the average speed is used as the first 

fuzzy variable and is calculated by the following formula:  


�̅�𝑇 =

𝑣1 + 𝑣2+. . . +𝑣𝑚

𝑚
 

,Where m is the number of periodic speed measurements. 

The other input fuzzy variable is asscoaciated to the absolute value of vehicle acceleration. In congested 

streets vehicles' speed usually decreases and increases continuously; therefore the mean absolute 
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acceleration (MAA), which is the mean of the absolute value of vehicle's accelerations over a specific 

time interval, increases. MAA is computed as follows:  

 
𝑀𝐴𝐴𝑇 =

1

𝑛
∑  |

∆𝑣𝑖

∆𝑡𝑖
|

𝑛

𝑖=1
 

where, Δti is the interval of speed sampling, and n is the number of samples.  

The Mamdani fuzzy inference system [34] is exploited to infer the traffic level. Three fuzzy sets of 

slow, medium, and fast are used for the speed variable, and three fuzzy sets of low, medium, and high 

are exploited for MAA variable. These membership functions are illustrated in Figure 2. On the other 

hand, four fuzzy sets are used for traffic level which include free flow, low congestion, medium 

congestion, and high congestion, as shown in Figure 2. Table 1 shows the proposed rule base. 

  

 

Figure 2: The membership functions used for fuzzy variables 

Table 1: The fuzzy rule base of CANS 
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For evaluating and aggregating the rules, the Max-Min [35] inference is exploited, which is formulated 

as bellow: 

𝜇𝐹(𝑈) = 𝑚𝑎𝑥{𝑚𝑖𝑛𝑖=1
𝑁  [𝛼𝑖 , 𝜇𝐹𝑖

(𝑈)] } 

,Where N is the number of rules and μF (U) is the membership function of the fuzzy set F. αi is the fuzzy 

degree of the i-th rule with n inputs x1, x2,…, xn that is determined as follows: 

𝛼𝑖 = 𝑚𝑖𝑛[𝜇𝐴1
(𝑥1), 𝜇𝐴2

(𝑥2) . . . 𝜇𝐴𝑛
(𝑥𝑛) ]  

Finally, the acquired output fuzzy set is transformed to a crisp value via defuzzification. For this, 

center of gravity (COG) [34] is exploited, which catches the geometrical center of the fuzzy variable 

and is obtained as follows: 

𝑥𝐶𝑂𝐺 =
∑ 𝑥𝑖𝜇𝑓(𝑥𝑖)𝑁

𝑖=1

∑ 𝜇𝑓
𝑁
𝑖=1 (𝑥𝑖)




,Where xi is an element in the output fuzzy set, μf (x) is fuzzy set membership function, and N is the 

number of fuzzy rules. The crisp output of the fuzzy system is a number between 0 and 1, which 

determines the traffic level. A value near to zero or one shows a traffic-free or traffic jam situation, 

respectively. 

3-1-2 Global Traffic Estimation  

Any vehicle in CANS computes its local street traffic level at any time period. The local traffic level 

measured by different vehicles on different sections of a street segment may have different values so 

that the local traffic level measured by a vehicle cannot reflect the global traffic state of the whole street. 

Therefore, a model is required that can aggregate and estimate the global traffic state of the street. For 

this purpose, a global traffic estimation component is considered in CANS. As it can be seen in Figure 

1, this component is located on the urban server. Any vehicle computes its local traffic level at any 

certain time period, creates a traffic sample in the form of {LinkID, Traffic}, and sends it to the urban 

server periodically. LinkID is a unique value for each street segment on the whole road network; and 

Traffic is the local traffic level estimated by the vehicle. Any vehicle is equipped with V2I 

communication technology to transmit the locally computed traffic information to the urban server. 

Thus, the urban server receives different traffic samples from the vehicles for every street segment. Its 

major role is to aggregate these pieces of various traffic information. The scheme, which is called crowd 

sensing is depicted in Figure 3.  

 

 

 

 

 

 



Preprint accepted for publication in IET Journal of Intelligent Transport Systems 

8 
 

 

 

 

 

 

 

 

Figure 3: Global traffic aggregation in the CANS 

The global traffic estimation component on the urban server updates the street’s global traffic 

information upon receiving each traffic sample, and stores the updated information on the global traffic 

information database. The global traffic estimation component updates and aggregates a street global 

traffic state by the following weighted formula:  

 𝑇𝑟𝑎𝑓𝑓𝑖𝑐𝐺𝑙𝑜𝑏𝑎𝑙 = 0.9 𝑇𝑟𝑎𝑓𝑓𝑖𝑐𝑂𝑙𝑑 + 0.1 𝑇𝑟𝑎𝑓𝑓𝑖𝑐𝑁𝑒𝑤 

Traffic New is the received traffic sample from a vehicle; Traffic Old is the previous traffic level of the 

street received from the global traffic information database; and Traffic Global is the new, aggregated 

traffic value of the street. The weights of the input paprameters are adjusted by try and error. 

3-2 Traffic-aware Navigation 

The second functionality of CANS is traffic-aware navigation, which helps vehicles to find their optimal 

route to reach the specified destination. For this purpose, a navigation component is devised on the 

urban server. This component finds the current fastest route between the starting point and destination 

based on the current traffic information of routes. The driver demands for the optimal route, specifies 

the desired destination. The current location of the vehicle (the origin) is retrievable using a GPS 

receiver or other positioning systems [36-38]. Then, information about the two points is transmitted to 

the urban server. The navigation component on the urban server computes the fastest route between the 

specified origin and destination based on the current traffic state.  The obtained route is offered to the 

driver along with the travel time. 

In order to find the fastest route, the navigation component is required to estimate the travel time for 

each of the different routes from the starting point to the destination. Estimation of travel time on each 

street segment is a fundamental issue which depends on various parameters such as street length, traffic 

state, and speed limit. In the proposed system, travel time on each street link is computed by the 

following formula:  

 
𝑇𝑟𝑎𝑣𝑒𝑙 𝑇𝑖𝑚𝑒𝐿𝑖𝑛𝑘(𝑡) =

𝐿𝑖𝑛𝑘 𝐿𝑒𝑛𝑔𝑡ℎ

𝑆𝑝𝑒𝑒𝑑 𝐿𝑖𝑚𝑖𝑡 (1 − 𝑇𝑟𝑎𝑓𝑓𝑖𝑐(𝑡))
 

,in which Link Length is the length of street link, Speed Limit represents the maximum speed limit, and 

Traffic (t) indicates global traffic level at the time t. 
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To perform a dynamic estimation of travel time on each street segment, the navigation component 

receives recent traffic information from the global traffic information database. Static information such 

as street length and speed limit are accessible from the digital map. Then, the travel time for each street 

segment is computed by Formula 7.  

The optimal route is considered as the fastest one. Therefore, the cost function is defined proportionate 

to the travel time. On the other hand, some intersections have traffic lights, and the waiting time at 

traffic lights is effective in travel time. In addition, crossing a square or an intersection without a traffic 

light also takes some extra time (delay). Thus, it is necessary to take into account both the travel time 

from the street segment and the delayed time at intersections or squares, including waiting time at traffic 

lights when the light is red. Nonetheless, mean waiting time at traffic lights and the delayed time at 

intersections or squares differ, suggesting that the delayed time should be computed for different 

intersections. Hence, the cost function for the weight of each street link is defined as follows:  

 𝐶𝑜𝑠𝑡 𝐹𝑢𝑛𝑐𝑡𝑖𝑜𝑛 = 𝑇𝑟𝑎𝑣𝑒𝑙 𝑇𝑖𝑚𝑒𝐿𝑖𝑛𝑘 + 𝐷𝑒𝑙𝑎𝑦 

,where Travel Time Link refers to the travel time on the street and Delay indicates the time delayed at 

intersections and squares. We use a statistical computation to estimate the expected delay time at 

intersections with traffic light. The delay time is modeled as a uniform random variable in the 

range [0 , Max-Red-Time], where Max-Red-Time indicates the maximum time of red state of 

the traffic light. Therefore, the expected delay time is computed as half of Max-Red-Time. For 

unsignalized intersections as well as squares, we perform an experiment to estimate the delay 

time at the experiments section. 

The navigation problem is modeled as the search for the shortest path on a weighted graph. In this 

model, street segments are graph edges, intersections are graph nodes, and the weight of each edge is 

computed by the cost function in Formula 8. The navigation component uses Dijkstra algorithm [39] to 

find the shortest path between starting point and destination.  

In general, the stages of the navigation algorithm are as follows:  

Step 1: Corresponding nodes to the starting and destination points on the weighted graph representing 

city map are found. 

Step 2: Dijkstra algorithm is performed, and the shortest path to reach the destination is found in terms 

of time.  

Step 3: The path is displayed to the user along with relevant information including travel time and 

length.  

4- Experiments 

SUMO [40] simulator is exploited to simulate vehicular mobility. The evaluation is performed on an 

urban network scenario. For this aim, a map of a region of Birjand city, which is the capital of a province 

in eastern Iran, is exported from OpenStreetMap [41]. The region has an area of 7 km * 6 km. It includes 

362 street segments and 102 intersections. Figure 4 shows the map of the region. It consists of low, 

medium and high traffic congested streets in order to cover enough varieties to be acceptable for the 

experiment. In this road network, the speed limit of the major streets is considered 60 km/h and 40 km/h 

for auxiliary streets (according to driving policy). A summary of the simulation parameters used in the 

scenario are shown in Table 2. 
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Before proceeding, an analysis of the network cost function of the CANS is provided. All vehicles 

perform V2I communications with the urban server to aggregate the traffic state. Each message consists 

of a real number indicating local traffic state (4 Bytes), and an integer indicating Link ID (2 Bytes). 

Therefore, each vehicle totally sends 6 Bytes in each 25 seconds interval. We assume that at a moment 

in a metropolis, 100,000 vehicles are driving and communicating with the server. Hence, the consumed 

bandwidth of the aggregation server is 24 KB/s, which is negligible. 

In the following, the scenario is evaluated by the traffic flow of Birjand. For this purpose, the urban 

network of Birjand as well as streets’ traffic information are imported into SUMO. 

 

 

 

 

 

 

 

 

Figure 4: The road network of Birjand 

Table 2: The parameters used in the simulation scenario 

Parameter Value 

Simulation area Birjand - 7 km * 6 km 

Speed limit 40 , 60 km/h 

Number of links 362 

Number of intersections 102 

Vehicle maximum speed 120 km/h 

Vehicle acceleration rate 2km/h 5.4 

Vehicle deceleration rate 2km/h 16.2  

 

4-1 Traffic Estimation Validation 

Every vehicle on each street segment gathers its current speed periodically at 5 second intervals. Then, 

it calculates the average speed and mean absolute acceleration at 25 second time period using the 

recorded instantaneous speeds. These numbers are selected by consultations of the urban traffic 

experts as well as try and error. Finally, the local traffic level is estimated and transmited it to the 

urban server. 

Traffic measurement is performed with the penetration rate of 10%; that means, only 10% of the total 

number of vehicles transmit the local traffic value to the urban server. On each street segment, vehicles 

are sampled randomly from different locations. In SUMO, we derived the local traffic level values 
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computed by the sample vehicles over the simulation time. Building on local traffic levels estimated by 

sample vehicles, the urban server computes the global traffic congestion level of the streets. These 

values are displayed in the second column of Table 3 for some major streets. 

Mean as well as standard deviation of local traffic level obtained by some randomly generated vehicles 

that are located on the same street, are computed and displayed in Table 3. Low values of standard 

deviation suggest that the available vehicles on the same street have computed similar traffic levels, 

validating the logic of the proposed fuzzy system. In addition, the comparison between the mean value 

of traffic congestion levels and the global traffic level aggregated and measured by the urban server 

reveals that the amount of traffic is relatively stable during a short time period, despite various traffic 

samples are made by different vehicles on different sections of a street segment. 

Table 3: Global traffic congestion level validation 

Standard 

Deviation 

Mean 

 

Global Traffic 

Congestion Level 

Street Name 

0.00114 0.6533 0.64672 Modares Blvd. 

0.07725 0.5546 0.5364 Moallem Blvd. 

0.00662 0.1453 0.14782 Pasdaran Blvd. 

0.00004 0.6533 0.65215 Taleghani St. 

0.07222 0.4618 0.47231 Beheshti Blvd. 

0.00445 0.4067 0.4037 Motahari Blvd. 

0.13231 0.3328 0.30549 Mohalati Blvd. 

0.03168 0.1847 0.18252 Emamat St. 

 

Since the proposed system is based on estimating travel time, we compare the accuracy of travel time 

estimated by CANS and CATE [29] on a number of major streets. The benchmark for comparison is 

the travel time computed by SUMO simulator, i.e., average travel time observed by 10 vehicles in 

SUMO. The results obtained from the evaluation of travel time are displayed in Table 4. As it can be 

seen, the proposed system has estimated a better approximation on 12 streets, while CATE has shown 

a better approximation only on 3 streets. 

For better comparison, absolute differential diagram of travel time estimated by CANS and CATE and 

the travel time measured by SUMO simulator on these streets are depicted in Figure 5. Results indicate 

that on the majority of these streets the travel time estimated by the proposed approach is closer to that 

of SUMO, and its travel time differential is less. This suggests the higher accuracy of the proposed 

system than CATE in the simulated urban scenario.     

Table 4: Comparison of the travel time estimated by CANS and CATE with respect to the travel time measured by 

SUMO  

 Travel Time 
Measured by SUMO 

(seconds) 

Travel Time 

Estimated by 

CATE (seconds) 

Travel Time 

Estimated by CANS 

(seconds) 

Street Name 

192 160 187.04 Beheshti Blvd. 

127 98 135.25 Motahari Blvd. 

163 122 159.41 Montazeri St. 

59 60 57.912 Shohada St. 

214 237 215.88 Taleghani St. 

192 156 205.29 Modares Blvd. 

230 228 231.09 Pasdaran Blvd. 
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584 550 595.19 Moallem Blvd. 

380 318 376.56 Ghafari Blvd. 

170 167 164.53 Artesh St. 

378 373 385.81 Pyambr Azam Blvd. 

302 289 305.21 Emamat St. 

251 261 244.15 15khordad St. 

225 218 223 Tohid St. 

225 265 223.41 Mohalati Blvd. 

 

 

 

 

Figure 5: Absolute differential of the estimated travel times and the simulated travel time by SUMO  
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The proposed navigation system is compared with CATE dynamic navigation system as well as static 

navigation system. For this purpose, five different origin-destination pairs have been selected semi-

randomly. The optimal routes between the origins and destinations have been computed by CANS, 

CATE, and static navigation system. The results are displayed in Table 5.  

Static navigation finds the shortest route between the specified origin and destination in terms of 

distance. CANS uses the cost function given in Formula 8 in order to compute the weight of each street 

segment. For this purpose, an experiment is conducted to empirically calculate the mean delay of 

unsignalized intersections and squares. To this end, the delay time is empirically computed and 

averaged for 20 unsignalized intersections and squares. It has been computed as the difference between 

crossing the intersection (or square) without decreasing the speed and the normal crossing.   As a result, 

the mean delay time of 5 seconds has been estimated as the average of these experiments for crossing a 

square or unsignalized intersection. It seems a reasonable time, because unsignalized intersections and 

squares have low traffic congestion level; Otherwise, they should logically be signalized. The mean 

waiting time at traffic lights is assumed half of the maximum red-light time. Traffic lights are divided 

into short-term and long-term categories. The mean waiting time at short-term and long-term traffic 

lights is computed as 15 and 30 seconds, respectively.  

Travel time of the routes estimated by CANS, CATE, and static navigation system for the major origin-

destination pairs are compared in Figure 6. As it can be observed, CANS system considerably reduces 

the travel time for the majority of routes comparing with the static navigation. The main reason for that 

is the integration of streets’ traffic information. CATE and CANS have reported the same routes for 

three but different routes for two cases. In both situations, the travel time of the route suggested by 

CANS is less than that of CATE.  

Table 5: Navigation routes obtained from the static navigation, CANS and CATE 

Route Distance 

(meter) 

Route Time 

(seconds) 

Estimated Route (series of road 

link names) 

Approach Origin- Destination 

1911.94 522.4 (Taleghani St.- Modares Blvd.) Static 

Navigation 

 

Taleghani Sq.- Third 

Modares Sq. 2051.7 339 (Beheshti Blvd.- Navab Safavi St.- 

Modares Blvd.) 

CANS 

2051.7 339 (Beheshti Blvd.- Navab Safavi St.- 

Modares Blvd.) 

CATE 

1500.87 160 (Ghadir Blvd.- Sajjad Blvd.) Static 

Navigation 

 

Velayat Sq.- End of 

the South Emamat St. 1500.87 160 (Ghadir Blvd.- Sajjad Blvd.) CANS 

1559.35 175.7 (North Emamat St.- South Emamat 

St.) 

CATE 

2862.62 505.9 (Modares Blvd.) Static 

Navigation 

 

Jamaran Sq.- Abouzar 

Sq. 3847.21 378.7 (Jamaran Blvd.- Pasdaran Blvd.- 

Artesh St.) 

CANS 

3847.21 378.7 (Jamaran Blvd.- Pasdaran Blvd.- 

Artesh St.) 

CATE 

2349.72 346.8 (Ghafari Blvd.- Ghods Gharbi St.- 

Navab Safavi St.- Modares Blvd.) 

Static 

Navigation 
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2529.72 272.2 (Artesh St.- Pasdaran Blvd.- 

Bahonar Gharbi St.) 

CANS Beginning of the 

Ghafari Blvd.- Third 

Modares Sq. 
2381.9 298 (Ghafari Blvd.- Ghods Gharbi St.- 

Pasdaran Blvd.- Bahonar Gharbi St.) 

CATE 

1832.35 365 (Moallem Blvd.- 15khordad St.) Static 

Navigation 

 

Intersection between 

Moallem Blvd. and 

Ghods Gharbi St.- 7Tir 

Sq. 

2494.17 233.12 (Ghods Gharbi St.- Pasdaran Blvd.- 

15khordad St.) 

CANS 

2494.17 233.12 (Ghods Gharbi St.- Pasdaran Blvd.- 

15khordad St.) 

CATE 

 

 

Figure 6: Travel time of estimated routes for 5 major origin-destination pairs 

 

5- Conclusion  

A context-aware system for dynamic traffic estimation and traffic-aware vehicular navigation has been 

proposed. The traffic state is estimated by vehicles without any requirement for any specific costly 

infrastructure. As mobile traffic sensors, vehicles build on fuzzy logic to estimate their current street 

traffic state using local contextual information. Later, the urban server integrates the pieces of local 

traffic information measured by vehicles to estimate road global traffic state, offering a traffic-aware 

navigation system. The system has been evaluated on an urban network scenario with realistic traffic 

flow. The experimental results confirm that concurrent use of vehicle's local contextual information for 

traffic state identification has estimated acceptable traffic state in various traffic situations. In addition, 

the proposed navigation system has been compared with static and CATE dynamic navigation systems. 

Navigation results indicate the efficacy of the proposed system for urban networks navigation such that 

it could reduce travel time in some of routes more than CATE and static navigation. Future research 

directions are as follows: 

 In the current study, a few factors were used for traffic estimation. Other influential traffic factors 

can be incorporated to further the accuracy of the proposed system such as road slope, weather 

conditions, etc. 

0

100

200

300

400

500

600

Tr
av

e
l T

im
e

 (
se

co
n

d
s) Static Routing

CANS

CATE



Preprint accepted for publication in IET Journal of Intelligent Transport Systems 

15 
 

 In this research, upon receiving the user's navigation request, navigation is performed once 

according to the newest traffic information. Any new navigation should be initialized by the user. 

Real-time re-navigation as a result of changes in traffic information is a big issue that is considered 

as the future direction of this paper. 

 Dissemination and exchange of real-time traffic information between vehicles and road-side 

infrastructure is a fundamental challenge on vehicular networks. It requires the design and 

development of intelligent routing protocols for establishing effective communication and 

improving information dissemination mechanism between vehicles. 

 The estimated traffic state can be utilized to develop useful traffic applications in the transportation 

network such as traffic management at intersections without traffic lights, scheduling traffic lights 

based on dynamic traffic information, etc. 
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