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Abstract 

Accurate estimation of travel time across urban road networks is essential for effective traffic management, 

efficient route planning, and the development of intelligent transportation systems (ITS). In practice, GPS data is 

recorded at low sampling frequencies (sparse GPS data) due to limitations such as data storage and transmission 

costs. The low frequency of data poses significant challenges for traditional travel time estimation techniques, 

which often rely on continuous trajectories. To address this issue, the present study proposes a practical framework 

for estimating travel times at both the link and route levels using sparse GPS data. The methodology is 

implemented using Python scripting within the ArcGIS environment. A case study using GPS data collected from 

Tehran, Iran, is conducted to assess the performance of the proposed framework. The estimated travel times are 

validated against high-frequency GPS records, demonstrating that the approach yields accurate and reliable results 

despite the data sparsity. The integration of Python within ArcGIS enhances automation and makes the proposed 

framework both effective and accessible for real-world transportation analysis and planning. 
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1. Introduction 

Awareness of travel time is essential for 

planning, designing, and managing 

transportation networks. Travel time is a critical 

factor influencing passenger decisions and is 

regarded as one of the most significant 

components of travel cost from the traveler’s 

perspective [Gu et al., 2021]. Moreover, 

accurate travel time information plays a crucial 

role in the calibration of traffic simulation 

models, real-time traffic control, incident 

management, travel time prediction, and 

analysis of travel time reliability. 

Traditionally, travel time has been estimated 

using fixed-location sensors such as video 

cameras, loop detectors, and Bluetooth sensors. 

While these technologies can provide reliable 

data, they are often associated with high 

installation and maintenance costs [Shao et al., 

2025; Zhang et al., 2025]. Additionally, certain 

sensor types, such as loop detectors, may 

interfere with traffic operations during 

installation or maintenance, potentially causing 

increased delays or accidents. Most 

importantly, it is practically unfeasible to 

deploy these sensors across an entire urban road 

network, especially in large cities [Rahmani, 

2015]. Due to these limitations, there is a 

growing need for alternative or complementary 

technologies that can support travel time 

estimation more efficiently and affordably. 

Over the past two decades, GPS-equipped 

devices, including those embedded in 

smartphones and in-vehicle units of taxis, 

delivery vans, and service vehicles, have 

become a new class of mobile traffic sensors. In 

contrast to stationary sensors, GPS-equipped 

vehicles provide spatially distributed coverage 

across the network. They allow for continuous 

travel time and speed data collection along any 

segment of the road traversed by the vehicle, 

eliminating the need for direct traffic flow 

measurements [Antoniou et al., 2011; 

Jeneliusand Koutsopoulos, 2013]. Additionally, 

compared to fixed infrastructure like cameras or 

detectors, GPS technology has a lower initial 

implementation cost [Guo et al., 2021]. 

Most early studies on GPS-based travel time 

estimation such as those by Kumar et al. (2011) 

and Sun et al. (2007) relied on high-frequency 

GPS data, where data points are recorded at 

very short time intervals. However, high-

frequency GPS data is typically expensive to 

obtain and often unavailable for large-scale 

studies [Sanaullah et al., 2016]. Consequently, 

recent research has shifted towards the use of 

low-frequency or sparse GPS data, as seen in 

the studies of Jenelius and Koutsopoulos (2013) 

and Rahmani et al. (2017). Despite its broader 

availability, low-frequency data introduces two 

major challenges. The first challenge stems 

from the long temporal and spatial gaps 

between consecutive GPS points, which makes 

the exact route taken by the vehicle between 

two points ambiguous. Multiple plausible paths 

may exist, especially in dense urban networks. 

The second challenge involves the 

disaggregation of travel time between 

consecutive points into the individual links that 

constitute the inferred path. Since the actual 

time spent on each link is not directly observed, 

estimating link-level travel time from sparse 

data requires effective allocation methods 

[Rahmani et al., 2017]. 

To overcome these challenges, most travel time 

estimation methods based on sparse GPS data 

are structured into two main components: 1) 

map-matching and path inference, and 2) travel 

time allocation and estimation [Rahmani et al., 

2017]. In the first step, GPS points are projected 

onto a digital road network (map-matching), 

and the most probable route between 

consecutive points is identified (path inference). 

In the second step, the travel time between GPS 

observations is distributed across the links of 

the inferred path, and travel times are estimated 

accordingly. 

Map-matching algorithms aim to align raw GPS 

trajectories with the underlying road network 

and determine the most probable position of a 

moving entity on the map [Jiang et al., 2022; 
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Singh et al., 2023]. Based on the characteristics 

of the available data, map-matching algorithms 

can be classified into four categories: 

geometric-based methods, topology-based 

approaches, probabilistic models , and 

advanced models [Huang et al., 2021]. 

Geometric-based methods rely on spatial 

relationships such as distance and direction 

between GPS points and road segments, often 

using techniques like least squares fitting, 

Frechet distance, or elliptical search regions. 

Topology-based map-matching algorithms rely 

on the structural layout of the road network and 

use graph-based representations to determine 

the most plausible path. These methods 

typically integrate local search techniques to 

identify candidate road segments. Probabilistic 

methods aim to maximize the likelihood of a 

correct match by considering temporal and 

spatial uncertainties through models such as 

Bayesian inference, fuzzy logic, and 

probabilistic trees. Finally, advanced models 

leverage artificial intelligence and machine 

learning techniques including support vector 

machines, neural networks, reinforcement 

learning, and genetic algorithms to handle 

complex scenarios and improve matching 

accuracy in sparse GPS datasets [Huang et al., 

2021]. Note that geometric map-matching 

approaches, while simple, perform well only in 

uncomplicated networks and tend to degrade in 

dense urban areas with complex intersections 

and parallel links. As noted by Hashemi and 

Karimi (2014), these methods are sensitive to 

GPS noise and low-frequency sampling 

because they rely solely on spatial proximity 

and lack temporal or probabilistic modeling. 

Path inference, which identifies the most 

probable route between two matched GPS 

points, has also been the subject of extensive 

research. Brakatsoulas et al. (2005) proposed 

incremental and global algorithms for low-

frequency data, showing that the global method 

achieved higher accuracy at the cost of 

computation time. Lou et al. (2009) developed 

ST-Matching, a spatio-temporal algorithm 

suitable for data with 2–5-minute intervals. 

Hunter et al. (2014) used a Bayesian approach 

to construct and evaluate candidate trajectories. 

Rahmani and Koutsopoulos (2013) applied the 

A* algorithm to identify the shortest and most 

probable path. Liu et al. (2017) introduced a 

spatio-temporal inference method and 

demonstrated improvements over ST-

Matching. Ozdemir et al. (2018) framed path 

inference as an optimization problem, 

demonstrating its applicability for both high- 

and low-frequency data. 

Following map matching and path inference, 

observed travel times derived from probe 

vehicle timestamps are allocated to individual 

links to estimate link-level travel time along the 

traversed paths. One of the simplest and most 

widely used methods assumes constant driving 

speed between consecutive sampling points, 

allocating travel time through linear 

interpolation based on reported positions and 

timestamps. While this approach performs well 

in freeway conditions with stable traffic flow, it 

becomes unreliable in urban environments 

characterized by frequent stops, traffic signals, 

and variable speeds [Neumann, 2014]. To 

address these challenges, more advanced 

models have been developed [Hofleitnerand 

Bayen, 2011; Puangprakhonand Narupiti, 2017; 

Zhengand Van Zuylen, 2013].  

Despite advancements in theory and modeling, 

the practical implementation of travel time 

estimation methods often requires significant 

technical effort and specialized tools. In this 

study, we address this gap by presenting a 

practical and GIS-integrated approach for travel 

time estimation using low-frequency GPS data. 

The method is implemented within the ArcGIS 

environment, leveraging Python scripting for 

automation. This integration simplifies the 

overall process, making it more accessible for 

researchers and practitioners in transportation 

planning. The proposed methodology is applied 

to taxi GPS trajectory data collected in Tehran, 

Iran, and validated using high-frequency GPS 

data. The findings confirm the effectiveness of 
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the proposed method in accurately estimating 

travel times, even in the presence of sparse data. 

The rest of this paper is organized as follows. 

Section 2 presents the methodology, followed 

by a description of the data and study area in 

Section 3. Section 4 discusses the results. 

Finally, Section 5 provides conclusions and 

potential future directions. 

2. Methodology 

Let  ,G V E  be a directed graph representing 

the digital road network, where V is the set of 

nodes (intersections) and E is the set of directed 

edges (road links). The road network used in 

this study was derived from OpenStreetMap 

(OSM), which includes real-world operational 

constraints such as one-way streets, prohibited 

turns, and intersection-level maneuver 

restrictions. The extracted OSM network was 

first compared with the actual road conditions, 

and where discrepancies were identified, the 

network was corrected to ensure full 

consistency with the real-world layout. 

Each probe vehicle is equipped with a GPS 

device that periodically transmits its location 

(latitude, longitude), timestamp, speed, and 

identifier. A GPS location is referred to as a 

GPS point, and the sequence of GPS points 

reported by vehicle i is denoted as

 ,1 ,2 , ,, ,..., ,...,i i i i j i tP p p p p . The actual route 

traversed by the vehicle, composed of an 

ordered set of links, is called the true path i

true , 

which is unknown. The line connecting two 

consecutive GPS points is termed a line 

segment, and a GPS trajectory is defined as a set 

of consecutive segments. 

The problem addressed in this study is the 

estimation of travel time using GPS trajectories 

from probe vehicles. This process comprises 

three main stages: (1) map-matching, (2) path 

inference, and (3) link travel time allocation and 

estimation. Each of these steps is described 

below. 

2.1. Map-Matching 

GPS points are often not located exactly on road 

links due to inaccuracies in the location data and 

the underlying digital road network. To address 

this, the map-matching process is used. This 

process identifies the vicinity of a GPS point 

and searches for a set of candidate links within 

a defined search area to which the GPS point 

can be reasonably matched. 

As illustrated in Figure 1, consider a GPS point 

,i jp  in a simple road network with three links. 

Within the neighborhood (or search area) of 
,i jp

, there are two candidate links: Link 1 and Link 

2. Let 1

,i jx  and 2

,i jx  be the matched (projected) 

points of 
,i jp on Link 1 and Link 2, respectively. 

Let 1

,i jo  and 2

,i jo  denote the offsets, which are the 

distances from the starting node of each link to 

the matched points 1

,i jx  and 2

,i jx , respectively. 

These offsets represent how far along the link 

the projection falls. In the case of bidirectional 

roads, both directions are considered during the 

candidate selection. In this study, we 

implemented the map-matching algorithm 

proposed in by White et al. (2000), using 

ArcGIS software and the Python programming 

language. We adopted this algorithm because of 

its simplicity, computational efficiency, and its 

effective integration with ArcGIS geometry 

functions. 

To describe the map-matching method used in 

this study, let p denote a GPS probe and let C(p) 

be the set of candidate links identified within an 

adaptive search region around the probe. In this 

study, a fixed search radius of 50 meters was 

used to identify candidate links, following the 

findings of Rahmani and Koutsopoulos (2013), 

which indicate that a range of 45–60 meters 

provides optimal performance for urban 

networks. Each link  k C p  is represented in 

the digital road network as a polyline composed 

of ordered vertices       0 , 2 , ,k k k kS S S nk   

where  0kS  and  k kS n are the upstream and 

downstream nodes, and the intermediate 

vertices define the link geometry. For each 
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segment     , 1k kS m S m , the projection 

parameter is calculated as: 

       

   
2

. 1

1

k k k

k k

p S m S m S m

S m S m


  


 
 (1) 

The corresponding projected point on segment 

    , 1k kS m S m  is: 

 

      
 

 

1 ,0 1

, , 0,

1 , 1.

k k k

k

k

S m S m S m

x k m S m

S m

 





     



 


 

 (2) 

The distance from the probe to the segment is: 

 , ,k mD p x k m   (3) 

Finally, the matched point on link k is 

,argmink

k m
m

x D  (4) 

2.2. Path Inference 

The second step is path inference. The aim of 

this step is to determine the most probable path 

that connects a sequence of candidate matched 

points. Since the time interval between 

consecutive matched points is short, it is 

reasonable to assume that vehicles follow the 

shortest path between the matched points. This 

assumption has been widely adopted in 

previous studies [Liu et al., 2017; Rahmaniand 

Koutsopoulos, 2013]. In this study, the shortest 

path refers to the path with the minimum 

expected travel-time cost rather than the 

shortest geometric distance. The use of travel-

time–based link costs implicitly incorporates 

intersection delays, signal timing, and typical 

traffic conditions. Accordingly, the shortest 

path between each pair of consecutive matched 

points is considered the admissible path.  

Since multiple candidate matched points may 

exist for each GPS point, the number of possible 

paths between a given origin–destination pair 

can be more than one. To handle this, a 

candidate graph is constructed in which 

candidate matched points are represented as 

nodes, arranged in layers corresponding to their 

timestamps, and edges connect nodes belonging 

to consecutive layers. Each edge represents the 

shortest-time subpath between two candidate 

matched points, consistent with the approach of 

Rahmani and Koutsopoulos (2013), and its cost 

is defined as the expected travel time of that 

subpath. Edges whose expected travel times 

exceed the observed time interval between 

consecutive GPS points (within a tolerance) are 

removed to ensure temporal feasibility. 

Following Rahmani and Koutsopoulos (2013), 

global spatial consistency is evaluated using 

measures such as the ratio of the inferred path 

length to the GPS trajectory length or the 

Fréchet distance between these paths. Similarly, 

global temporal consistency is assessed through 

the ratio of expected travel time on the inferred 

path to the actual observed travel time between 

GPS points. The most probable vehicle path is 

then selected by identifying the least-cost path 

in this candidate graph. More specifically, for 

every pair of candidate matched points, we 

compute the least-cost subpath, where the cost 

of each link is defined as its expected travel-

time value. Figure 2 shows four GPS points 

recorded by vehicle i. The GPS points are 

shown by circles. The GPS points are first 

projected onto the network (i.e., map matching). 

The matched points are represented by 

multiplication signs. As can be seen in Figure 2, 

there exists one candidate matched point for 

GPS points 
,1ip  and 

,4ip . Furthermore, there are 

two candidate matched points for GPS points 

,2ip  and
,3ip . Based on the candidate matched 

points, a candidate graph consisting of two 

admissible paths is constructed (i.e., Path 1 and 

Path 2). Finally, a path should be selected from 

the candidate graph. In this example, if we 

consider the length of the path as a criterion for 

selecting the most probable path, then Path 1 is 

selected because it is shorter than Path 2. 
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Figure 1. Map-matching of a GPS Point to Two Links 

Figure 2. An Example of a Candidate Graph with Two Paths 

In this study, path inference was performed in 

ArcGIS using Python and the ArcPy library. 

Matched GPS points were used to construct a 

candidate graph, and shortest paths were 

computed through Python scripts, which also 

automated the selection of the most probable 

path based on path cost. 

2.3. Allocation and Estimation 

The final stage is the estimation of link-level 

travel times. This process involves three sub-

steps: travel time allocation, scaling, and 

aggregation. 

Let  and 
, 1i jp 

 be two consecutive GPS 

points with timestamps  
,i jt and 

, 1i jt 
, and 

matched to links 
jk  and 

1jk 
, respectively. The 

offsets from the start of the respective links to 

the matched points are 
,i jo  and 

, 1i jo 
. The 

observed travel time between the points is 

  , 1 ,, 1i i j i jT j j t t    . Let  1j j    be the 

path inferred between these points, and let kl  be 

the length of link k. The distance i

jkr  that 

vehicle i travels on link  1k j j    is 

defined as: 

   

, 1 , 1

, 1

, 1 1

1

, ,

, ,

, ,

, 1 \ , ,

0, .

i j i j j j

k i j j j

i

jk i j j j

k j j

o o k k k

l o k k k

r o k k k

l k j j k k

otherwise



 



 



   


  


  


  



 (5) 

The allocated travel time ˆ i

kT  for each link 

 1k j j    is calculated proportionally to 

the distance traveled: 

 (6) 

,i jp

( 1)

ˆ
i

jki

k j i

je

e j j

r
T T

r
  

  

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If the link was only partially traversed (i.e., 
i

jk kr l ), the travel time is scaled to estimate the 

full-link travel time: 

ˆi i k
k k i

jk

l
T T

r


 
(7) 

In Equation (7), the scaling assumes a uniform 

travel speed along each road link. While this 

assumption is widely used in sparse GPS-based 

studies such as Rahmani et al. (2013), it may not 

fully capture real-world variations such as 

acceleration and deceleration near intersections, 

stop-and-go behavior, traffic signal delays, or 

mid-link congestion. It should also be noted that 

several advanced techniques have been 

developed to explicitly address this limitation, 

most notably the approaches presented by Shi et 

al. (2017). In the present study, we adopt a 

practical approach in which each road link is 

subdivided into multiple smaller segments (sub-

links) based on detailed road geometry derived 

from GPS trajectories and Google Maps traffic 

data. Each sub-link corresponds to a portion of 

the original link between consecutive vertices 

of the road polyline, and travel time is allocated 

proportionally along these sub-links. This 

method allows a more realistic modeling of 

speed variations and traffic conditions along the 

link, improving the accuracy of link-level travel 

time estimation. 

In addition, during a given observation period, 

individual trajectories may only partially 

traverse a link, leading to varying coverage 

lengths across different observations. 

Consequently, the contribution of each 

observation to the overall link travel time 

estimation should be weighted according to the 

extent of coverage. To address this, the average 

travel time for a link is computed as a weighted 

mean of the scaled travel time estimates as 

follows: 

i i

k jk
i i

k i

jk

i

T r

T
r




  (8) 

This approach ensures that observations with 

greater coverage exert a larger influence on the 

final estimate, thereby improving the accuracy 

and robustness of travel time estimation. 

2.4. Implementation in ArcGIS–

Python 

The proposed travel time estimation framework 

was implemented within the ArcGIS 

environment using Python scripting and the 

ArcPy library. The framework integrates map-

matching, path inference, and travel-time 

allocation into a single automated workflow, as 

illustrated in Figure 3. 

Raw GPS trajectory data were initially provided 

in CSV format. During preprocessing, ArcPy 

data management tools were employed to 

convert the GPS records into point feature 

classes and store all data within a file 

geodatabase. Simultaneously, the digital road 

network was prepared using OpenStreetMap 

(OSM) data. Topological and connectivity 

inconsistencies inherent in the raw OSM 

network, such as broken links, incorrect node 

connections, and missing or invalid turn 

restrictions, were identified and corrected to 

ensure a consistent and operational network. 

Furthermore, mid-journey stops can be 

identified by detecting GPS points exhibiting 

minimal spatial displacement coupled with 

large temporal gaps. 

Map-matching was performed using ArcPy 

geometry and spatial analysis functions. For 

each GPS point, candidate road links were 

identified within a predefined search radius, and 

GPS points were projected onto candidate 

polylines to obtain matched locations and 

along-link offsets. 

Path inference was conducted using ArcPy in 

combination with the ArcGIS Network Analyst 

extension. Matched GPS points were loaded as 

stops in the network dataset, and shortest-time 

paths between consecutive observations were 

computed using travel-time–based link costs 

while enforcing one-way restrictions and 

prohibited turns. The resulting sequences of 
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traversed links were extracted and stored for 

subsequent processing. 

Travel-time allocation was implemented using 

Python scripts. Observed travel times between 

consecutive GPS points were allocated to the 

links of the inferred paths in proportion to the 

distance traveled on each link. Allocated values 

were scaled to estimate full-link travel times. 

Outlier travel times, those deviating 

significantly from the majority of observations, 

were identified and removed using standard 

statistical criteria (e.g., mean ± 3σ). The 

remaining link-level travel times were then 

scaled to estimate full-link travel times, 

accounting for partial link coverage. Multiple 

observations were aggregated across all 

trajectories to generate final link-level and 

route-level travel-time estimates. All 

intermediate and final results were stored in the 

geodatabase, allowing direct visualization and 

further analysis within ArcGIS. 

 
Figure 3. Flowchart of the ArcGIS–Python 

Framework for Travel Time Estimation 
 

3. Data Description 

This section presents the case study area and the 

dataset utilized in the research. The study was 

conducted on three major routes located in 

Tehran. These routes were selected due to their 

high traffic volumes and their importance in 

connecting key urban locations within the city. 

The first route (Route 1) has a total length of 

approximately 4.8 kilometers and consists of 

three links. The second route (Route 2) covers 

7.2 kilometers and comprises four links. The 

third route (Route 3) has a total length of 11.3 

kilometers and consists of six links. Figure 4 

shows the selected routes, which encompass a 

diverse range of streets in terms of 

functionality, including major arterials, minor 

arterials, and collector roads. This functional 

diversity enables the analysis to capture a 

comprehensive spectrum of traffic conditions 

and network characteristics, ensuring that the 

findings of the study are generalizable beyond 

any single road type within the urban context. 

Table 1 summarizes the key characteristics of 

the three study routes, encompassing their 

length, number of links, functional class, and 

the number of intersections along each route. 

Table 1. Key Characteristics of the Routes 

Route 
Length 

(km) 

Number of 

Links 

Functional 

Class 

Route 1 4.8 3 
Arterial & 

Collector 

Route 2 7.2 4 
Arterial & 

Collector 

Route 3 11.3 6 
Arterial & 

Collector 

The data for this study were collected using 

GPS-enabled smartphones. A custom mobile 

application was installed on several 

smartphones, which were subsequently placed 

inside a number of taxis operating along the 

selected routes. The application recorded the 

geographic location of each taxi at a frequency 

of 1 Hz (i.e., one position per second), 

generating high-resolution trajectory data. Data 

collection was carried out during the morning 
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peak hours, from 7:00 AM to 9:00 AM on 

working days, between August 26, 2017, and 

September 15, 2017.The high-frequency GPS 

data collected in this manner provide detailed 

spatial and temporal information on vehicle 

movement along the study routes. As such, 

travel times estimated from this dataset are 

considered highly accurate and are used as 

ground-truth travel time values in the evaluation 

process. 

To simulate real-world conditions in which 

probe-vehicle data are often sparsely sampled, 

we down-sampled the high-frequency GPS 

dataset to a temporal resolution of 120 seconds, 

following Sanaullah et al. (2013) and Zheng and 

Van Zuylen (2013). However, this procedure 

does not fully represent the complexities of 

naturally sparse GPS data, such as irregular or 

non-random missing points. Using the resulting 

low-frequency dataset, we conducted the travel-

time estimations and compared them with travel 

times derived from the original high-frequency 

trajectories, which served as ground-truth 

reference data for evaluating the proposed 

method. This comparison was performed using 

the full dataset as the objective was to directly 

evaluate estimation accuracy under reduced 

sampling frequency. 

 

Figure 4. Selected Routes in the Study Area 

4. Results 

This section presents the results of travel time 

estimation at both link and route levels. First, 

the outcomes of the map-matching and path 

inference steps are discussed. Subsequently, the 

travel time estimation results for the studied 

routes and their constituent links are presented 

separately. 

4.1. Map-Matching and Path 

Inference Results 

The original dataset consisted of GPS points 

recorded at a frequency of 1 second. However, 

since this study focuses on estimating travel 

time using low-frequency GPS data, a subset of 

the data was extracted such that the time 

interval between consecutive GPS points was 

120 seconds. The map-matching and path 

inference methods were then applied to this 

reduced dataset.  
To quantitatively evaluate the performance of 

the map-matching and path inference, the 
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percentage of correctly identified links per trip 

was calculated using the following equation: 

 % 100
m a

a

L L
T

L


  (9) 

where T is the proportion of accurately 

identified links, 
mL is the set of links identified 

by the map-matching and path inference 

methods, and 
aL  is the set of actual links 

traveled by the vehicle, determined from the 

high-frequency data. Figure 5 shows the 

distribution of the correctly identified link 

percentages. The results demonstrate that the 

applied methods correctly identified more than 

88% of the traveled links. 

 
Figure 5. Percentage of Correctly Identified Links Using the Applied Method 

4.2. Results of Link Travel Time 

Estimations 

Travel times for each taxi on each link were 

estimated using the methods described in 

Section 3. To assess the accuracy of these 

estimates, the results were compared with true 

travel times derived from the high-frequency 

data. Figure 6 depicts the correlation between 

estimated and actual travel times for all links 

across the three routes. The high correlation 

coefficient indicates that link-level travel times 

were accurately estimated. The estimation 

errors were also analyzed to evaluate the 

accuracy of the proposed method. In this study, 

estimation error was defined as the relative 

difference between the estimated and actual 

travel times, expressed as a percentage. For a 

total of n =244 link-level travel time 

observations, 85% of travel time estimates 

exhibited an error of less than 10%, while 7% 

had errors greater than 20%. 

Further evaluation of estimation accuracy was 

conducted using the Mean Absolute Percentage 

Error (MAPE) and the Normalized Root Mean 

Square Error (NRMSE), defined as follows: 
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where R

iT  and E

iT  are the actual and estimated 

travel times for link i, respectively, and n 

represents the number of observations. 

These metrics were selected because MAPE 

offers an intuitive, percentage-based measure 

that allows comparison of estimation accuracy 

across links with different travel time values. In 

contrast, NRMSE provides a normalized 

measure of absolute error and assigns greater 

weight to larger deviations. 

 The calculated MAPE and NRMSE values were 

6.34% and 10.34%, respectively. These 

relatively low values confirm the high accuracy 

of the implemented travel time estimation 

methods at the link level. 

4.3. Results of Route Travel Time 

Estimations 
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After estimating travel times at the link level, 

the overall travel times for the three routes were 

also derived using low-frequency GPS data. 

Figure 7 presents a comparison between the 

estimated and actual route-level travel times for 

individual trips. The high coefficient of 

determination (R2) and the slope of the 

regression line being close to 1 confirm the 

strong agreement between estimated and actual 

values, suggesting that the proposed approach 

reliably estimates travel times at the route level. 

Table 2 summarizes the MAPE and NRMSE 

values computed for each route. The small error 

values across all three routes further validate the 

accuracy of the methodology. 

It is important to note that all computational 

steps of the proposed framework, including 

map-matching, path inference, and link travel 

time estimation, were executed on a standard 

desktop workstation equipped with an Intel 

Core i7 processor and 16 GB of RAM running 

Windows 10. For the three selected routes, the 

average processing time was less than1 minute. 

These results demonstrate the practical 

feasibility of the workflow for moderate-scale 

datasets. We note that scaling the framework to 

city-wide networks would require additional 

computational resources or parallel/distributed 

processing to maintain efficiency.  

 
Figure 6. Estimated vs. Actual Link Travel Times 
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b) Route 2 

 

c) Route 3 

Figure 7. Estimated vs. Actual Route Travel Times 

Table 2. NRMSE and MAPE Values 

MAPE(%) NRMSE(%) Number of observations Route 

6.76 8.38 42 Route 1 

6.92 9.88 62 Route 2 

5.99 9.23 60 Route 3 
 

5. Conclusion 

Travel time is a critical metric for evaluating the 

efficiency of transportation networks and traffic 

management systems. Traditional methods of 

collecting travel time data, such as Bluetooth 

sensors or loop detectors, can be costly and are 

typically limited to instrumented road 

segments. In contrast, GPS technology offers a 

more affordable and widely available data 

source. However, due to constraints related to 

data transmission costs, memory, and 

computational complexity, urban traffic 

management systems often rely on low-

frequency GPS data. Therefore, accurate travel 

time estimation methods using sparse data are 

essential. 

Since implementing travel-time estimation 

algorithms based on sparse GPS data typically 

requires advanced programming skills, many 

practitioners face considerable challenges in 

applying such methods in practice. To reduce 

these challenges and facilitate the 

implementation of travel-time estimation 

techniques, this study proposed an integrated 

workflow within the ArcGIS environment. By 

relying on built-in ArcGIS capabilities and 

requiring only minimal Python scripting, the 
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workflow enables the full execution of map 

matching, path reconstruction, and travel-time 

estimation procedures. This approach allows 

transportation analysts and GIS users, even 

those with limited programming experience, to 

implement reliable and effective travel-time 

estimation methods within a familiar and 

operational platform. Therefore, the primary 

value of this research lies in its accessibility, 

ease of use, and seamless integration into 

practical workflows, rather than the 

introduction of a new algorithmic framework. 

Therefore, the primary contribution of this 

research lies in its accessibility, ease of 

implementation, and compatibility with 

practical GIS-based workflows, rather than in 

proposing a new algorithmic framework. 

This study proposed a GIS-integrated approach 

to estimate travel times at both link and route 

levels using low-frequency GPS data. The 

methodology was implemented in the ArcGIS 

software environment using Python scripting. 

Results from the map-matching and path 

inference stages demonstrated the robustness of 

the applied methods, with over 88% of traveled 

links correctly identified. Most 

misidentifications occurred in network 

segments featuring short, parallel links arranged 

in grid-like patterns, where adjacent links were 

occasionally confused. 

The travel time estimation results confirmed the 

high accuracy of the proposed approach. At the 

link level, 85% of travel times were estimated 

with less than 10% error. At the route level, 

small MAPE and NRMSE values further 

indicated reliable travel time predictions. 

For future research, it is recommended to 

expand the analysis to rural road networks. It is 

also important to test the proposed tool on larger 

and more complex road networks. This should 

be supported by larger and more diverse 

datasets to evaluate its scalability, strength, and 

applicability in diverse traffic situations. While 

the current implementation effectively handles 

moderate-scale datasets, future applications to 

citywide or regional networks may require 

distributed or cloud-based computing 

architectures to ensure scalability and 

computational efficiency. Integrating such 

architectures would enable parallel processing 

of large GPS datasets and facilitate travel time 

estimation across extensive road networks. In 

addition, incorporating advanced map-

matching techniques such as Hidden Markov 

Model-based approaches may improve the 

map-matching algorithm used in this study, 

particularly when dealing with sparse or noisy 

GPS data in dense urban environments. 

Moreover, the limited scale of the empirical 

dataset, consisting of only three representative 

routes, did not allow for a statistically robust 

spatial or temporal analysis of estimation errors. 

While the overall accuracy was high, 

identifying where the largest errors occur or 

whether they follow systematic patterns 

requires a richer dataset with more diverse link 

geometries and traffic conditions. Future work 

can incorporate larger and more heterogeneous 

GPS datasets to enable detailed error mapping 

and to better understand the method’s 

limitations under varying traffic and network 

configurations. 
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