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Abstract: Road Weather Information Systems (RWISs) are essential components of mod-
ern Intelligent Transportation Systems (ITSs) deployed in cold regions to gather real-time
data on winter weather and road surface conditions. Despite their benefits, the high cost
associated with RWIS installations demands optimized placement strategies to maximize
their utility and cost-effectiveness. Geostatistics-based RWIS location-allocation meth-
ods, particularly those involving semivariogram modeling to quantify underlying spatial
characteristics, have gained international recognition. However, new locations require
unique semivariogram models, a process that is time-consuming and constrained by the
availability of comprehensive datasets, often rendering location analysis challenging or
infeasible. Addressing these limitations, this study introduces an innovative approach
using Wasserstein Distance (WD) to link semivariograms across different datasets. This
method streamlines optimization by eliminating the need for repetitive semivariogram
modeling in new study areas. Our findings demonstrate that WD-matched models replicate
the location choices of original models with a high degree of similarity while ensuring that
clean-slate locations remain proximate to those of original models, enhancing geographic
equity in RWIS deployment. This validates the practicality of reusing developed semivar-
iogram parameters for WD-matched highways, significantly reducing the need for new
geostatistical analyses and enhancing the framework’s applicability and accessibility for
RWIS deployment across diverse geographic regions.

Keywords: intelligent transportation systems; geostatistics; road weather information
systems; location optimization; spatial equity; Wasserstein distance

1. Introduction
Intelligent Transportation Systems (ITSs) play a critical role in modern transportation

engineering, improving transportation safety and mobility, especially in cold regions with
adverse weather conditions. In many countries worldwide, the frequency of snow, ice,
fog, and frost events are persistent problems that pose significant safety risks to traffic
users. These events create challenging driving conditions for road users, necessitating
transportation authorities to make interventions as needed. For these agencies to ensure
that their roads remain in optimal conditions, timely and efficient Winter Road Maintenance
(WRM) operations are critical.
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1.1. Understanding RWISs: Uses, Types, and Limitations

To support the WRM decision-making process, the integration of ITS technologies,
such as Road Weather Information Systems (RWISs), stands as a crucial component. RWISs
are an advanced ITS technology that gathers, processes, and disseminates real-time road
surface and weather condition information. This information can include air temperature,
road surface temperature, road friction, and road surface status, amongst a variety of other
weather-related variables. In practice, there are two types of RWISs available: mobile
and stationary. Mobile RWISs consist of sensors and dash cameras installed on vehicles,
which collect data along their travel routes with each data point geotagged with its precise
location, whereas stationary RWISs consist of remote sensors installed along the roadway,
collecting data at their installed location. Information collected and distributed by these
RWISs can be used by transportation personnel to make reliable decisions regarding WRM
and by road users to make informed decisions on trip routing. RWISs provide real-time
measurements, facilitating the dissemination of immediate warnings to road users about
upcoming hazardous conditions such as icy or snowy roads and flooding. This timely
information can significantly reduce the risks associated with adverse road conditions by
giving users ample time to prepare for them. As a result, the implementation of RWISs
can have significant positive effects on traffic safety, mobility, level of service, and WRM.
El Esawey et al. [1] performed a study to assess the safety benefits of integrating RWISs
and Variable Message Signs in British Columbia, Canada, and found a 32.7% reduction in
serious winter collisions after the implementation.

However, each type of RWIS has its own set of limitations. Although mobile RWISs
provide spatially continuous measurements, these measurements are temporally discrete.
Additionally, mobile RWISs often encounter problems of sensor damage and improper
mounting, resulting in inaccurate data collection [2]. Similarly, while stationary RWIS
provides highly temporal and accurate measurements, it still retains disadvantages such as
cost. A typical RWIS installation with basic functionalities can still cost upwards of USD
50,000, even before adding extra sensors. Another disadvantage associated with stationary
RWIS lies in its provision of point-based measurements, which often fail to account for the
diversity and variability of the surrounding road surface conditions, especially in regions
with microclimates. Therefore, strategic placement of RWIS stations is crucial to optimize
coverage and ensure accurate representation of road conditions while simultaneously
minimizing installation costs.

1.2. Literature Review

A multitude of studies have contributed to the optimization of density and locations of
RWIS stations, demonstrating a variety of methodologies addressing this critical challenge.
For instance, Jin et al. [3] strategically determined RWIS locations using weather-related
crash data, providing a direct approach to minimizing weather-related accidents. Eriksson
and Norrman [4], on the other hand, developed a method for optimal RWIS allocation based
on road slipperiness classified from RWIS meteorological data to best identify hazardous
road conditions. Zhao et al. [5] developed a two-stage model that optimized RWIS density
and locations by considering both regional weather severity and associated cost and benefit.
Additionally, Singh et al. [6] proposed a cell-based methodology to optimize RWIS benefits
by identifying weather-related crash patterns in discretized urban areas. Fetzer et al. [7]
developed a multi-objective RWIS location optimization methodology that accounts for
crash data, vehicle miles traveled, geographic area coverage, power and maintenance access,
and existing environmental sensor stations. Similarly, Al-Kaisy and Ewan [8] introduced
a merit-based ranking system that prioritizes RWIS locations based on weather severity,
crash rates, and vehicle miles traveled.
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In parallel, our research has made significant strides in enhancing RWIS station op-
timization through a geostatistics-based approach. This method specifically focused on
minimizing kriging variance to maximize monitoring capabilities, effectively reflecting
the demand for RWIS stations and gaining international recognition [9]. We enhanced our
methodology by integrating multiple weather variables, both spatially and temporally,
which increased the precision and utility of RWIS deployments initially in the state of
Iowa [9]. This approach incorporated spatial equity, aiming to ensure equitable access
to critical weather monitoring capabilities across diverse geographic areas. This broader
application has been implemented in real-world settings, demonstrating the practical
effectiveness and adaptability of our models.

1.3. Challenges in RWIS Location Optimization Methods

Despite the advancements brought by our well-established geostatistics-based work on
optimal RWIS location and density, certain limitations persist. Specifically, the frameworks
we developed necessitate comprehensive geostatistical analyses, notably semivariogram
modeling. This process is not only technically demanding and time-consuming but also
requires a new model for each study area. The challenge becomes particularly pronounced
when adequate datasets are unavailable, rendering location analysis impossible. While
existing RWIS optimization methods are robust, they fall short of addressing the practical
constraints where limited resources pose challenges. Such constraints underscore the need
for a more accessible and efficient modeling approach to ensure practical implementation
of the proposed RWIS location-allocation frameworks.

1.4. Research Objectives

To overcome the limitations associated with traditional semivariogram modeling in
RWIS optimization, particularly the complexity and extensive time required for multi-
variable analysis, the primary objective of this study is to streamline the geostatistical
processes necessary for effective RWIS station placement. This is achieved through the
innovative application of Wasserstein Distance (WD), a mathematical metric that is com-
putationally efficient for low-dimensional data, especially with modern programming
tools and libraries. By leveraging WD, this research attempts to establish a direct link
between semivariograms across different datasets, enabling the reuse of previously devel-
oped semivariogram models for new study areas without the need for their reconfiguration
or repetitive analysis. This approach not only diminishes the technical challenges often
faced in geostatistical modeling but also expedites the application of RWIS optimization
frameworks to new regions. Ultimately, this study aims to deliver a robust, scalable method
that can be uniformly applied across various geographic settings, thereby enhancing the
strategic deployment of RWIS stations and supporting more informed decision-making
in WRM.

2. Methodology
2.1. Overview of Research Procedures

The first stage in this study was data collection, where mobile RWIS data, including
road surface temperature (RST), dew point temperature (DPT), air temperature (AT), as
well as geographic data about the study area, were gathered to capture the inherent nature
and spatial variability of conditions along the studied highways. The next step was data
processing to remove any missing or erroneous data. Finally, Min–Max normalization was
applied to scale all variables across routes to a range of zero to one. This normalization step
ensures the minimization of potential bias in the WD analysis.
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After that, a geostatistical analysis was performed. The first step was to construct em-
pirical variograms from processed data to optimize parameter estimations for unobserved
locations and to account for the possible autocorrelation related to RWIS variables [9].
Variogram clouds for all variables were joined together and binned, resulting in a combined
semivariogram incorporating all three variables.

The next stage was to perform WD analysis to compare the data distributions of
different routes so that similar routes could be matched. Following the highway matching
process, the semivariograms developed for each highway could then be used to run the
optimization process for its matched counterpart. Subsequently, optimal RWIS locations
were determined using a model-based approach. This approach employs kriging to obtain
unbiased estimates while minimizing kriging variance. Two phases of location-allocation
analysis were performed and examined: preferred location selection and clean slate opti-
mization. Both phases also consist of two scenarios: the first uses original semivariogram
parameters, while the second uses WD-matched semivariogram parameters. Finally, the
effectiveness of incorporating WD into the location-allocation framework was assessed
using matching percentage values and weighted separation distance. An overview of the
research procedures is shown in Figure 1.
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Figure 1. Overview of research procedure.

2.2. Geostatistical Analysis

For this study, geostatistical analysis was performed to maximize the likelihood of
capturing the spatial variations in RWIS data while still minimizing potential bias. To
perform this analysis, a key tool, spatial semivariograms, which quantify the dissimilarity
between pairs of measurements based on their spatial separation distance and the direction
of the line connecting the sampling pair, was applied [9]. The semivariogram has three basic
parameters: sill, nugget, and range. The sill is the semivariance value of a semivariogram
where it plateaus, representing the total variation in the dataset. The range is the distance
at which the semivariogram reaches its sill, beyond which there is no correlation among
the measurements. Lastly, the nugget is the semivariogram value at zero distance, which is
expected to be zero. While theoretically expected to be zero, measurement and sampling
errors can result in a non-zero nugget value, leading to what is termed the “nugget effect”.
The difference between the actual sill and the nugget effect is referred to as a partial sill.
A typical semivariogram is shown in Figure 2.



Future Transp. 2025, 5, 23 5 of 20

Future Transp. 2025, 5, x FOR PEER REVIEW 5 of 20 
 

 

 

Figure 2. A typical semivariogram (adapted and modified from [9]). 

Geostatistics inherently deals with uncertainties, meaning the true semivariogram 

cannot be directly determined [10]. Hence, only an estimate of the semivariogram can be 

known. The following unbiased estimator is predominantly used in common practice [10]: 

𝛾(ℎ) =
1

2𝑛(ℎ)
∑[𝑧(𝑥𝑖 + ℎ) − 𝑧(𝑥𝑖)]

2

𝑛(ℎ)

𝑖=1

 (1) 

where 𝑧(𝑥𝑖) is an observed value at a particular location, and 𝑛(ℎ) is the number of pairs 

at a distance ℎ apart. 𝛾(ℎ) is the experimental semivariogram, and ℎ is the lag distance. 

Prior to incorporating semivariogram parameters into the kriging estimation process, it is 

necessary to determine the most appropriate theoretical model that best represents the 

experimental semivariogram [11]. Kriging is a geostatistical interpolation technique that 

estimates unknown values at unsampled locations using the weighted averages of sur-

rounding measurements, which are assigned based on the semivariogram model. A basic 

kriging estimation is defined as follows: 

𝑍∗(𝑋0) = ∑𝜆𝑖𝑍(𝑋𝑖)

𝑛

𝑖=1

 (2) 

where 𝑍∗(𝑋0) is the estimate at location 𝑋0, 𝜆𝑖 is the kriging weight, 𝑍(𝑋𝑖) is the known 

measurements at sampling sites 𝑋𝑖 , and n is the number of sampling neighborhood 

points. The weights are derived from the parameters of the fitted semivariogram models 

and the relative distance between the measured points and the prediction locations [12]. 

In this study, multi-variable semivariograms were employed to characterize the com-

plex spatial structure of crucial weather variables, providing a more comprehensive rep-

resentation of road weather conditions. Compared to single-variable models, they en-

hance robustness and accuracy by integrating cross-correlated data, thereby leading to 

more reliable location optimization. Individual semivariograms were constructed for each 

variable (i.e., RST, DPT, and AT) and subsequently joined together to form a combined 

semivariogram. This approach was inspired by Walter et al. [13], who first obtained vari-

ogram clouds for each year and then combined them into one comprehensive variogram 

cloud. The parameters obtained from the fitted multi-variable semivariogram model 

would then be used as critical inputs for the location optimization framework. 

As presented in this section, geostatistical analysis, particularly semivariogram mod-

eling, is a complex and time-intensive process, often requiring extensive computational 

resources for each new development. By leveraging WD, the proposed framework enables 

the reuse of existing semivariograms, eliminating the need for repetitive modeling and 

significantly reducing computational overhead. This not only enhances efficiency but also 

simplifies implementation, making RWIS optimization more accessible. With this ap-

proach, transportation authorities can strategically deploy RWIS stations using existing 

Figure 2. A typical semivariogram (adapted and modified from [9]).

Geostatistics inherently deals with uncertainties, meaning the true semivariogram
cannot be directly determined [10]. Hence, only an estimate of the semivariogram can be
known. The following unbiased estimator is predominantly used in common practice [10]:

γ̂(h) =
1

2n(h)

n(h)

∑
i=1

[z(xi + h)− z(xi)]
2 (1)

where z(xi) is an observed value at a particular location, and n(h) is the number of pairs
at a distance h apart. γ̂(h) is the experimental semivariogram, and h is the lag distance.
Prior to incorporating semivariogram parameters into the kriging estimation process, it
is necessary to determine the most appropriate theoretical model that best represents the
experimental semivariogram [11]. Kriging is a geostatistical interpolation technique that
estimates unknown values at unsampled locations using the weighted averages of sur-
rounding measurements, which are assigned based on the semivariogram model. A basic
kriging estimation is defined as follows:

Z∗(X0) =
n

∑
i=1

λiZ(Xi) (2)

where Z∗(X0) is the estimate at location X0, λi is the kriging weight, Z(Xi) is the known
measurements at sampling sites Xi, and n is the number of sampling neighborhood points.
The weights are derived from the parameters of the fitted semivariogram models and the
relative distance between the measured points and the prediction locations [12].

In this study, multi-variable semivariograms were employed to characterize the com-
plex spatial structure of crucial weather variables, providing a more comprehensive repre-
sentation of road weather conditions. Compared to single-variable models, they enhance
robustness and accuracy by integrating cross-correlated data, thereby leading to more reli-
able location optimization. Individual semivariograms were constructed for each variable
(i.e., RST, DPT, and AT) and subsequently joined together to form a combined semivar-
iogram. This approach was inspired by Walter et al. [13], who first obtained variogram
clouds for each year and then combined them into one comprehensive variogram cloud.
The parameters obtained from the fitted multi-variable semivariogram model would then
be used as critical inputs for the location optimization framework.

As presented in this section, geostatistical analysis, particularly semivariogram mod-
eling, is a complex and time-intensive process, often requiring extensive computational
resources for each new development. By leveraging WD, the proposed framework enables
the reuse of existing semivariograms, eliminating the need for repetitive modeling and
significantly reducing computational overhead. This not only enhances efficiency but also



Future Transp. 2025, 5, 23 6 of 20

simplifies implementation, making RWIS optimization more accessible. With this approach,
transportation authorities can strategically deploy RWIS stations using existing datasets,
facilitating broader adoption of data-driven decision-making in road weather monitoring.

2.3. Wasserstein Distance

Wasserstein Distance (WD), a key concept in this study, is a mathematical metric used
to quantify the dissimilarity between two probability distributions. Intuitively, it represents
the minimum amount of ‘work’ required to transform one distribution into another [14]. In
the context of RWIS optimization, this metric facilitates the comparison of the statistical
properties of different highways, enabling a more nuanced approach to location-allocation.
The mathematical definition of p-WD between probability distributions µ and ν on Rd [15]
is defined as follows:

Wp(µ, ν) = inf(EX − Yp)
1
p , p ≥ 1 (3)

where the infimum is taken over all joint distributions of d-dimensional random variables
X and Y with marginals µ and ν, respectively. WD values among study routes are obtained
using the wasserstein1d function in RStudio—version 4.3.1, which computes WD between
their empirical distributions. The WD in 1-d [15] is given as follows:

Wp(X, Y) =

 1∫
0

∣∣∣F−1
X (α)− F−1

Y (α)
∣∣∣p

dα


1
p

(4)

in which FX and F−1
X (q) = in f {x : FX(x) ≥ q}, q ∈ (0, 1) are denoted as the distribution

and quantile functions of X. A lower WD value means that the two distributions are
closer to each other. Hence, after obtaining the WD between every pair of highways, each
highway can then be matched with the highway to which it has the lowest WD. A simplified
illustration of the WD analysis performed in this study can be seen in Figure 3.
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2.4. RWIS Location Optimization Framework

In this study, an RWIS location allocation framework was adopted from one of our
well-adopted previous studies [9], in which the objective function is formulated to minimize
the sum of mean ordinary kriging (OK) estimation variance. The equations of the objective
function and relevant computation process [9] are shown below:
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G =


γ(x1, x1) γ(x2, x1) . . . γ(xk, x1) 1
γ(x1, x2) γ(x2, x2) . . . γ(xk, x2) 1

...
... . . .

...
...

γ(x1, xk) γ(x2, xk) . . . γ(xk, xk) 1
1 1 . . . 1 0

 (5)

where xi (i = 1, 2,. . ., k) is the sampling site of a sample subset of size k, which is the number
of RWIS stations. The semivariance between sampling site i and j is γ

(
xi, xj

)
.

g = [γ(x0, xk)γ(x0, x2) . . . γ(x0, xk)1]
′ (6)

Here, x0 denotes estimation location. The minimum mean square error for ordinary
kriging for the estimation location x0 is as follows:

σ2
OKI(x0) = g′G−1g (7)

Based on those equations, the objective function can be formulated as follows:

f (w) =
∑n−k

i=1 σ2
OKI(x0)

n
(8)

where n is the total number of candidate RWIS stations (fishnet polygons) in the study area.
The optimization process in this study is divided into two distinct phases: preferred

location selection and clean slate optimization. For the first phase, all the pairs of the
proposed locations are divided into separate groups (each group containing one pair),
with one location from each group selected to form a final set of solutions. The method of
exhaustive search is then implemented to continuously pick out different combinations of
locations and calculate their criterion value until an optimal solution is obtained. As for
the second phase, Spatial Simulated Annealing (SSA), an effective and robust method for
finding solutions to optimization problems, is implemented to find the optimal solutions
for an objective function. This phase of the optimization implicitly considers geographic
equity by aiming to minimize kriging variance, which in turn maximizes monitoring
capability and ensures the equitable distribution of monitoring resources across various
geographic locations. SSA is a widely used heuristic algorithm that operates by making
slight perturbations to previous sampling points through random search techniques [16].
To avoid being stuck in local minima, not only does SSA accept improving solutions, but it
also accepts worsening solutions based on a certain probability [9]. Worsening solutions are
accepted at an initial probability of 0.2, which decreases exponentially to zero as a function
of the iteration number. The maximum number of iterations is set to 10,000, above which the
optimization process will stop. Similarly, the algorithm will also stop if no improvements
are made after 200 iterations.

3. Study Area and Data Details
3.1. Study Area

The study area consists of eight highways in South Korea: Jungbu line, Gwangju
Daegu line, Seoul Yangyang line, Suncheon Wanju line, Namehae line 1, Namhae line 2,
Donghae line 1, and Pyeongtaek Jecheon line. The study highways, ranging from 100 km
to 200 km in length, encompass topographically distinctive regions in South Korea, such as
mountains, lowlands, and coastlines. The diverse array of topography also covers varying
weather conditions across the study area. These roadlines currently do not have any
RWIS stations installed, so to inform their eventual placements, weather and road surface
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data were collected using mobile RWIS along the roadways. Data collection occurred on
various nights between November 2022 and January 2023, when the temperatures did
not change vastly over the data collection period, ignoring the temporal variability in
weather conditions induced during the daytime. Figure 4 presents a map of South Korea,
highlighting the eight study highways.

Future Transp. 2025, 5, x FOR PEER REVIEW 8 of 20 
 

 

 

Figure 4. Study area—eight highway segments in South Korea. 

3.2. Data Description and Processing 

The mobile RWIS data provided by Mirae Climate Co., Ltd., South Korea, included, 

among other parameters, RST, DPT, and AT. These variables were collected using mobile 

RWIS every second along its travel route. As some measurements appeared to be errone-

ous with missing longitude, latitude, and temperature values, they were consequently re-

moved from the dataset. Similarly, data completeness was then checked to see if the pro-

portion of missing data was less than 10% of the total number of data points and that the 

remaining data were suitable for use. If more than 10% of the total number of data points 

are deemed erroneous (i.e., missing geographical coordinates, missing data values, etc.), 

the dataset was not used for analysis. The three types of weather data (RST, DPT, and AT) 

were then plotted and cross-checked with one another to detect any values that deviated 

from expected patterns. Abnormalities in data were also examined by superimposing the 

data points onto the world map in ArcGIS [17] and identifying locations with sudden 

peaks and troughs within the data distribution. These anomalies were primarily associ-

ated with data collected inside tunnels along the road networks and were subsequently 

removed to ensure the continuity of data distribution. 

The descriptive statistics of weather parameters for all eight highways are shown in 

Table 1, providing values of minimum (Min), average (Avg), maximum (Max), and stand-

ard deviation (SD) of the collected data. Upon closer inspection of Table 1, it is observed 

that RST shows a range of −9.515 °C to 10.316 °C with varying averages for all highways, 

whereas DPT varies from −21.462 °C to −3.886 °C with inconsistent averages. AT ranges 

from −13.264 °C to 15.356 °C with averages from −11.754 °C to −1.335 °C. These statistics 

provide an insightful synopsis of the temperature variations across the eight highways. 

Since the temperatures vary greatly, the RST, DPT, and AT variables were then 

Figure 4. Study area—eight highway segments in South Korea.

3.2. Data Description and Processing

The mobile RWIS data provided by Mirae Climate Co., Ltd., South Korea, included,
among other parameters, RST, DPT, and AT. These variables were collected using mobile
RWIS every second along its travel route. As some measurements appeared to be erroneous
with missing longitude, latitude, and temperature values, they were consequently removed
from the dataset. Similarly, data completeness was then checked to see if the proportion of
missing data was less than 10% of the total number of data points and that the remaining
data were suitable for use. If more than 10% of the total number of data points are deemed
erroneous (i.e., missing geographical coordinates, missing data values, etc.), the dataset was
not used for analysis. The three types of weather data (RST, DPT, and AT) were then plotted
and cross-checked with one another to detect any values that deviated from expected
patterns. Abnormalities in data were also examined by superimposing the data points onto
the world map in ArcGIS [17] and identifying locations with sudden peaks and troughs
within the data distribution. These anomalies were primarily associated with data collected
inside tunnels along the road networks and were subsequently removed to ensure the
continuity of data distribution.

The descriptive statistics of weather parameters for all eight highways are shown in
Table 1, providing values of minimum (Min), average (Avg), maximum (Max), and standard
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deviation (SD) of the collected data. Upon closer inspection of Table 1, it is observed that
RST shows a range of −9.515 ◦C to 10.316 ◦C with varying averages for all highways,
whereas DPT varies from −21.462 ◦C to −3.886 ◦C with inconsistent averages. AT ranges
from −13.264 ◦C to 15.356 ◦C with averages from −11.754 ◦C to −1.335 ◦C. These statistics
provide an insightful synopsis of the temperature variations across the eight highways.
Since the temperatures vary greatly, the RST, DPT, and AT variables were then normalized
to minimize bias in WD analysis. Min–Max normalization was used for its ability to scale
all data to a common range and preserve the shape of the original distribution while
maintaining relative relationships between data points. The normalization method applied
to the data has the formula as shown in Equation (9):

v′ =
v − min

max − min
(9)

where v′ is the normalized value, v is the original value, min and max are the minimum
and maximum values of the data. Lastly, the data points on each route were also aggre-
gated every kilometer, reducing the number of data points used for the construction of
semivariograms. Aggregated sections without any data points were deleted. The numbers
of data points before and after data cleaning and the numbers of aggregated sections for
each route are seen in Table 2.

Table 1. Descriptive statistics of weather parameters for 8 highways.

Jungbu Gwangju
Daegu

Seoul
Yang
Yang

Suncheon
Wanju

Namhae
Line 2

Namhae
Line 1

Donghae
Line 1

Pyeongtaek
Jecheon

RST (◦C)

Min −9.085 −3.570 −9.515 −9.323 −4.812 −3.439 −1.499 −7.418

Avg −6.398 −0.835 −5.141 −5.305 −1.300 −0.802 2.206 −4.517

Max −2.369 4.120 −0.933 1.422 7.854 4.251 10.316 0.610

SD 0.978 1.056 1.462 1.464 1.168 0.986 1.743 1.142

DPT (◦C)

Min −15.256 −9.306 −14.897 −14.020 −8.388 −9.027 −21.462 −12.108

Avg −13.248 −7.150 −11.918 −11.367 −6.652 −7.825 −17.045 −10.342

Max −10.722 −3.886 −8.175 −7.926 −4.122 −6.115 −10.751 −7.556

SD 1.017 1.262 1.243 1.289 0.859 0.626 1.816 0.738

AT (◦C)

Min −13.264 −7.647 −12.975 −13.001 −6.962 −6.749 −4.291 −11.357

Avg −11.754 −5.051 −7.830 −9.328 −3.703 −4.152 −1.335 −8.841

Max −9.573 2.673 15.356 6.037 6.008 3.718 9.761 1.611

SD 0.718 1.492 2.876 2.491 1.944 1.804 2.080 1.153

Table 2. Number of data points of raw data, post-data cleaning, and post-data aggregation.

Highway Length (km) Raw Data After Data Cleaning Number of Aggregated Sections

Jungbu Line 119 13,883 13,803 94

Gwangju Daegu 171 27,104 24,075 166

Seoul Yang Yang 151 66,358 12,153 118

Suncheon Wanju 118 17,734 12,532 114

Namhae Line 1 166 26,148 22,874 164
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Table 2. Cont.

Highway Length (km) Raw Data After Data Cleaning Number of Aggregated Sections

Namhae Line 2 107 17,493 13,533 102

Donghae Line 1 126 20,179 18,268 121

Pyeongtaek Jecheon 126 19,905 15,693 120

The large discrepancy between the number of data points before and after the data
cleaning of the Seoul Yang Yang line was a result of the rerouting of an RWIS vehicle taking
a detour outside of the designated study area.

4. Results and Discussions
4.1. Semivariogram Modelling

Spatial semivariogram modeling was performed to examine the range of spatial au-
tocorrelation for the study area. All three variables, AT, RST, and DPT, were selected and
examined to fully represent the road surface conditions. Previous studies have suggested
that the construction of a reliable semivariogram requires 30 or more sampling points [10],
and this requirement was met as we have a large sample size. Variogram clouds for each
variable were obtained using the R statistical package gstat [18]—version 4.3.1—and then
combined to acquire the multi-variable variogram for all three variables. Subsequently,
the average semivariance for every determined lag distance was calculated to construct
a combined experimental semivariogram for the eight highways. The utilization of com-
bined multi-variable semivariograms was predicted to provide a more reliable location
solution by capturing the fluctuation of several weather variables. By investigating the
general shape and trend of the experimental semivariograms, the Gaussian model was
chosen to fit the plots. The formula for the Gaussian model [11] is as follows:

γ(h) = C0 + C1

[
1 − exp

(
−3h2

a2

)]
(10)

where C0 is the nugget; C1 denotes the sill; h is the lag distance; and a is the range of
influence. The generated nugget, sill, and range for each line are shown in Table 3:

Table 3. Semivariogram parameters.

Route Nugget Sill Range (m)

Jungbu Line 0.004768 0.04662 26,880.34

Gwangju Daegu 0.009627 0.03894 35,233.74

Seoul Yang Yang 0.005744 0.04708 60,084.41

Suncheon Wanju 0.007561 0.02477 17,677.41

Namhae Line 2 0.01026 0.01690 20,400.53

Namhae Line 1 0.009895 0.04301 59,446.34

Donghae Line 1 0.005802 0.07855 75,679.68

Pyeongtaek Jecheon Line 0.002962 0.08381 95,301.42

As Donghae Line 1 and Pyeongtaek Jecheon have a range longer than 50% of the road
length, they are not used for the RWIS location optimization stage. The semivariograms of
all six highways are shown in Figure 5.



Future Transp. 2025, 5, 23 11 of 20
Future Transp. 2025, 5, x FOR PEER REVIEW 11 of 20 
 

 

 

Figure 5. Semivariogram models for six highways. 

4.2. Wasserstein Distance Analysis 

The function wasserstein1d in the transport package in RStudio [19] was used to ob-

tain the WD value for each of the variables RST, DPT, and AT among the eight highways. 

In total, 28 pairs of highways were formed with three variables each, resulting in 84 cal-

culated WD values. Subsequently, the WD values of three variables of each pair were av-

eraged to obtain the average WD for each pair. Then, pairs of highways with the lowest 

WD values were identified, as shown in Table 4. These paired highways were considered 

to have the most similar characteristics to each other in terms of probability distributions. 

Hence, the semivariogram parameters of matched highways were then used to perform 

RWIS location optimization for their corresponding original highways in scenario 2 in 

each phase. 

Table 4. Pairs of matched highways from WD analysis. 

Original Highway Matched Highway Wasserstein Distance 

Suncheon Wanju Pyeongtaek Jecheon 0.0461 

Jungbu Namhae Line 1 0.0958 

Figure 5. Semivariogram models for six highways.

4.2. Wasserstein Distance Analysis

The function wasserstein1d in the transport package in RStudio [19] was used to obtain
the WD value for each of the variables RST, DPT, and AT among the eight highways. In
total, 28 pairs of highways were formed with three variables each, resulting in 84 calculated
WD values. Subsequently, the WD values of three variables of each pair were averaged to
obtain the average WD for each pair. Then, pairs of highways with the lowest WD values
were identified, as shown in Table 4. These paired highways were considered to have the
most similar characteristics to each other in terms of probability distributions. Hence, the
semivariogram parameters of matched highways were then used to perform RWIS location
optimization for their corresponding original highways in scenario 2 in each phase.
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Table 4. Pairs of matched highways from WD analysis.

Original Highway Matched Highway Wasserstein Distance

Suncheon Wanju Pyeongtaek Jecheon 0.0461

Jungbu Namhae Line 1 0.0958

Gwangju Daegu Namhae Line 1 0.0376

Seoul Yang Yang Suncheon Wanju 0.0790

Namhae Line 2 Namhae Line 1 0.0531

Namhae Line 1 Gwangju Daegu 0.0376

Donghae Line 1 Namhae Line 1 0.0521

Pyeongtaek Jecheon Suncheon Wanju 0.0461

4.3. Optimal RWIS Location Analysis and Evaluation

The semivariogram parameters obtained previously were then used to determine
optimal RWIS locations. The optimization problem was formulated and solved using the R
statistical package [18]—version 4.3.1. A 200 m × 200 m prediction grid was generated in
ArcGIS [17] to cover the entire road network for each line to create the study area, as well
as the candidate sites for RWIS stations on each highway.

As mentioned earlier, this study is divided into two specific phases for building the
RWIS network and validating the implementation of WD in the RWIS location optimization
framework. The description of each phase is detailed below.

Phase 1—Selection of Preferred Locations
Multiple potential RWIS locations (candidate locations) have been chosen by Korea’s

transportation authorities. Due to limited resource constraints, only half of the potential
locations could be chosen for RWIS installations. Thus, the first phase of our study was to
select the preferred solution out of every pair of potential sites along a road network. For
instance, given a road network with ten proposed sites, one out of every pair of potential
locations should be chosen to obtain a total of five preferred locations for RWIS station
placement. Figure 6 shows the potential locations for Namhae Line 2 proposed by Korea’s
transportation authorities as an example. The main goal was to maximize the monitoring
coverage by minimizing the kriging variance. Therefore, the combination of locations that
produced the lowest kriging variance would be chosen as the preferred locations. The
number of optimal solutions needed to be selected for the remaining six highways, Jungbu,
Gwangju Daegu, Seoul Yangyang, Suncheon Wanju, Namhae Line, and Namhae Line 2,
were 16, 14, 18, 16, 14, and 5, respectively.
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To evaluate the validity of using WD to utilize previously developed semivariograms
in the location optimization framework, two scenarios were considered for the selection of
preferred locations.
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1. Using original semivariogram models
Here, the semivariogram model developed for a specific highway was used to perform
the location optimization process for that same highway.

2. Using WD-matched semivariogram models
To assess the effectiveness of applying WD, this scenario employed the semivari-
ogram model of one highway to perform the location optimization process for its
matched highway, as detailed in Table 4. For example, the WD solution for the
Jungbu line would be found using Namhae Line 1’s semivariogram parameters for
the optimization process. Conversely, Suncheon Wanju’s WD solution was generated
using Gwangju Daegu’s semivariogram parameters because Pyeongtaek Jecheon’s
semivariogram range exceeded half of Suncheon Wanju’s total road length.

Therefore, two sets of preferred locations were generated for each highway. The
solutions for scenario 1 were termed “original solutions”, and those for scenario 2 were
termed “WD solutions”. The preferred solutions derived from this process are presented in
Figure 7.

Future Transp. 2025, 5, x FOR PEER REVIEW 13 of 20 
 

 

To assess the effectiveness of applying WD, this scenario employed the semivario-

gram model of one highway to perform the location optimization process for its 

matched highway, as detailed in Table 4. For example, the WD solution for the 

Jungbu line would be found using Namhae Line 1’s semivariogram parameters for 

the optimization process. Conversely, Suncheon Wanju’s WD solution was generated 

using Gwangju Daegu’s semivariogram parameters because Pyeongtaek Jecheon’s 

semivariogram range exceeded half of Suncheon Wanju’s total road length. 

Therefore, two sets of preferred locations were generated for each highway. The so-

lutions for scenario 1 were termed “original solutions”, and those for scenario 2 were 

termed “WD solutions.” The preferred solutions derived from this process are presented 

in Figure 7. 

 

Figure 7. Preferred RWIS location sets for each highway under two scenarios showing the similarity 

between the two solutions. 

Figure 7 shows the optimal locations for six highways, with green circles represent-

ing the preferred locations for scenario 1 and red triangles representing preferred loca-

tions for scenario 2 on the road networks. When the original solution locations and WD 

solution locations coincide, the green circles are shown on top of the red triangles. As seen 

in Figure 7, many of the preferred locations generated in the two scenarios overlap, espe-

cially for Namhae Line 2, where all the selected locations were overlapped, and for 

Gwangju Daegu Line, where only one station was not overlapped. This indicates that WD-

matched semivariogram models can yield solutions similar or identical to those produced 

Figure 7. Preferred RWIS location sets for each highway under two scenarios showing the similarity
between the two solutions.

Figure 7 shows the optimal locations for six highways, with green circles representing
the preferred locations for scenario 1 and red triangles representing preferred locations for
scenario 2 on the road networks. When the original solution locations and WD solution
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locations coincide, the green circles are shown on top of the red triangles. As seen in
Figure 7, many of the preferred locations generated in the two scenarios overlap, especially
for Namhae Line 2, where all the selected locations were overlapped, and for Gwangju
Daegu Line, where only one station was not overlapped. This indicates that WD-matched
semivariogram models can yield solutions similar or identical to those produced by original
semivariogram models. This shows the consistency of using WD-matched semivariogram
models in identifying preferred locations. It signifies that the WD-matched semivariogram
models are robust and reliable alternatives to the original semivariogram models.

In addition to the visual confirmation, the effectiveness of using WD is quantitatively
assessed by computing the matching percentage for each highway, as shown in Table 5.
The matching percentage for each highway was determined by calculating the proportion
of overlapping solution locations between the original solutions and WD solutions relative
to the total number of preferred locations selected. The average matching percentage was
found to be 81%, indicating a relatively high alignment between the solutions generated
using the original semivariograms and those using the WD-matched semivariograms.
These findings demonstrate the effectiveness of incorporating WD into the RWIS location
allocation framework.

Table 5. Matching percentage for two scenarios of preferred solutions.

Highway Overlapping
Stations

Number of
Locations Selected

Matching
Percentage

Jungbu Line 11 16 69%

Gwangju Daegu 13 14 93%

Seoul Yang Yang 14 18 78%

Suncheon Wanju 13 16 82%

Namhae Line 2 5 5 100%

Namhae Line 1 9 14 64%

Average: 81%

Although the WD-matched solutions and the original solutions exhibit an 81% match,
several factors contribute to the remaining 19% mismatch. Circumstances such as discrepan-
cies in highway lengths, which result in vastly different semivariogram ranges, may hinder
WD’s ability to approximate the original semivariograms. Additionally, differences in data
density across different highways could also contribute to the mismatch. The presence of
tunnels in the study areas, which caused highly fluctuating and abnormal data that were
subsequently removed, may have introduced some discontinuities in the data distribution
along the road networks, further affecting the WD’s performance.

Phase 2—Clean slate optimization
In this phase, the candidate locations from Phase 1 are instead expanded to cover the

entire road network, excluding regions inside tunnels. The purpose of this analysis was
to objectively determine the optimal use of available resources without the constraint of
predetermined locations. For this optimization, SSA was employed, a well-established
heuristic algorithm used to tackle spatial optimization problems. The two scenarios, as
described in Phase 1, were also employed for this phase, namely the use of the original
semivariograms and the WD-matched semivariograms. This was performed to evaluate
how the WD method fares in a broader and less constrained optimization process. Therefore,
this phase serves to further demonstrate the robustness of the proposed method by allowing
for a clean-slate optimization, ensuring the most strategically advantageous sites are
selected independently of any prior constraints. Moreover, three trials were conducted
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to find multiple sets of solutions for each highway, ultimately selecting the solution with
the lowest criterion value. In total, the clean-slate optimization was run 36 times. Figure 8
illustrates the optimal locations derived from this clean-slate optimization process, where
the green circles represent the locations obtained from scenario 1, while the red triangles
represent those obtained from scenario 2.
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The resulting clean-slate optimization solution exhibited a noticeably more even
distribution along the highways in both scenarios compared to the preferred locations,
encompassing a more extensive coverage. This improvement in distribution explicitly
supports geographic equity by removing potential location constraints, allowing the opti-
mization process to explore the entirety of the road networks for optimal sites. Geographic
equity refers to the fair and balanced distribution of RWIS stations to maximize moni-
toring coverage across road networks. By minimizing kriging variance (i.e., estimation
uncertainty), the proposed approach implicitly considers all regions for RWIS deployment,
ensuring that road users in both urban and rural areas benefit from improved road weather
monitoring. It is seen in Figure 8 that the original solutions and the WD solutions are
highly similar to each other, with WD solutions positioned in close proximity to the original
solutions. The close positioning of these two solutions implies that the approach using
the WD-matched semivariograms could effectively maintain the relevance of the optimal
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solutions generated from implementing the original semivariogram models. This suggests
that WD is a valid method that can be integrated within the RWIS location optimization
framework, as it allows the preservation of the balanced and extensive coverage of optimal
RWIS locations generated using the traditional approach.

Aside from the visual representation, the validity of using WD to adopt previously
developed semivariograms was also quantitively examined. The metric used for this
assessment in Phase 2 is weighted separation distance, as detailed in Table 6. For clean-slate
solutions, the separation distance was the sum of all the distances between every original
location and its closest WD location within a highway, divided by the number of selected
locations. The weighted separation distance was then derived by dividing the separation
distance by the total road length. The reason for using weighted separation distance was
to consider all factors that could influence the location solutions, including the proximity
between two sets of solutions, the length of the highways, and the number of sites to
be selected.

Table 6. Weighted separation distance between two scenarios of clean slate solutions.

Highway Length (km) Sum of
Distances (km)

Number of
Locations
Selected

Separation
Distance
(km/Site)

Weighted Separation
Distance

(km/Site·km)

Jungbu 119 63.79 16 3.987 0.0336

Gwangju Daegu 171 56.64 14 4.046 0.0236

Seoul Yang Yang 151 85.23 18 4.735 0.0314

Suncheon Wanju 118 40.29 16 2.518 0.0213

Namhae Line 2 107 18.53 5 3.707 0.0347

Namhae Line 1 166 40.65 14 2.903 0.0175

Table 6 shows that the separation distance between the original solutions and the WD
solutions is as low as 2.5 km per site and as high as 4.7 km per site. The weighted separation
distance reveals that the average separation distance between each site does not exceed
3.5% of the entire road length. Figure 9 demonstrates a proportional relationship between
WD and weighted separation distance, with a Spearman correlation value of 0.493. This
correlation, while moderate, indicates a positive association between two variables. The
trend shows that as the WD increases, there is a corresponding increase in the weighted
separation distance, indicating that a lower WD value between two sets of data will produce
solution locations closer to each other.
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This insight asserts the practicality of WD in the optimization process, particularly
when integrating new datasets. When a new dataset is introduced, the WD between the
new dataset and the datasets with previously developed semivariograms can be computed
to identify the pair with the most closely aligned meteorological distribution. Subsequently,
the semivariograms from this closely matching dataset can then be adopted for the new
dataset’s geostatistical analysis. This approach simplifies the location optimization process
by utilizing existing semivariograms, eliminating the need to create a new semivariogram
for each study area. Existing RWIS location optimization methods often require extensive
geostatistical analysis, which is time-intensive and technically demanding. The proposed
approach significantly reduces computational complexity, enhances efficiency, and broad-
ens accessibility. Ultimately, this allows transportation authorities to implement RWIS
optimization without technical expertise, thus bridging the gap between advanced ana-
lytics and operational decision-making while ensuring a more geographically equitable
deployment of RWIS.

4.4. Recommendations for Practical Implementation

The research findings present a streamlined and practical approach showcasing the
potential for RWIS location optimization frameworks, specifically those incorporating
geostatistics, to be widely adopted beyond academic and specialized research settings. In
particular, local administration and transportation agencies can follow the steps outlined
below to implement the proposed methods in practice.

1. Gather existing road surface and weather conditions for relevant regions at the mu-
nicipal, provincial, or national level;

2. Engage geostatistical experts to develop multi-variable semivariograms from these
data and store them in a centralized repository;

3. When deploying RWIS stations in a new region, personnel with minimal training can
perform a Wasserstein Distance analysis to identify the dataset most similar to the
newly introduced one;

4. Reutilize the semivariogram of the matched dataset to perform RWIS location opti-
mization in the new region.

These steps streamline RWIS deployment, reducing reliance on specialized expertise
and enabling efficient, data-driven decision-making. By reusing semivariograms, agencies
can minimize computational costs and ensure equitable monitoring coverage, even in
regions with limited data availability.

Beyond technical efficiency, the proposed framework has key policy implications.
Establishing a national or regional semivariogram repository would allow resource-limited
agencies to optimize RWIS locations without conducting costly new analyses. Policymakers
should integrate this approach into infrastructure planning, prioritizing RWIS deployment
in high-risk areas to enhance road safety. Funding mechanisms, such as government grants
or public-private partnerships, can further support equitable implementation, particularly
in underserved regions.

Furthermore, regulatory frameworks could incorporate WD-based RWIS planning as
a standardized practice. Strengthening inter-agency collaboration between national and
local transportation departments will enhance data-sharing to ensure a more cost-effective
and scalable expansion of RWIS networks.

5. Conclusions
This study introduced the use of Wasserstein Distance (WD) as an innovative ap-

proach to rationalizing the application of previously developed semivariograms for new
datasets, thereby eliminating the need to conduct multiple geostatistical analyses for future
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study sites. Utilizing WD, a sophisticated location optimization model was developed
by integrating a multi-variable semivariogram composed of three types of mobile RWIS
measurements (i.e., RST, DPT, and AT) for each road network. Location optimization was
then performed using the exhaustive search method for Phase 1 and the SSA algorithm
for Phase 2, generating a total of 24 sets of solutions. In Phase 1, the preferred locations
derived from the original semivariogram parameters of each highway showed adequate
alignment, with an 81% overall match rate, with those generated using WD-matched semi-
variograms. In Phase 2, clean-slate solutions showcased a more equitable distribution
across the network, affirming the method’s practical utility and contributing to geographic
fairness in monitoring capabilities. The proximity of solution locations produced using the
original and WD-matched semivariogram parameters, ranging from 2.5 km to 4.7 km per
site, further validates that the proposed WD-based method can effectively optimize RWIS
station placement, even in areas lacking extensive RWIS data.

The methodologies developed and insights gained from this study have resulted in
several substantial contributions. A key achievement is the effective implementation of
the WD, which has significantly streamlined the RWIS deployment process. Tradition-
ally, semivariogram modeling is a resource-intensive and technically demanding task. By
applying WD to link semivariograms across varying datasets, this innovative approach
obviates the need for new model development for each study area, thereby saving consid-
erable time and reducing the level of expertise required. This advancement is particularly
advantageous for transportation agencies tasked with installing RWIS across extensive
regions characterized by varied geographical and climatic conditions, as this approach
does not necessarily require new data collection to conduct optimal location analyses. By
demonstrating a simplified and practical approach, this study highlights the potential for
geostatistical tools to be widely adopted beyond specialized research domains, enabling
their application in real-world scenarios. This research recommends the development of
a centralized repository of semivariograms derived from historical meteorological datasets
across various regions. Thus, when new datasets are introduced, WD analysis can be used
to match them with the most compatible existing data, allowing transportation agencies
to reutilize previously developed semivariograms for RWIS location optimization. This
approach streamlines the geostatistical analysis, enhancing efficiency and broadening the
accessibility of RWIS planning for agencies with varying technical capabilities.

While the study yielded valid results, opportunities for further improvement remain.
First, although the proposed locations consisted of four types of RWIS, this study treated
them under the same criterion. Future research should consider them separately, with
criteria tailored to each type of RWIS to better reflect their unique functions and potential
influence on optimal RWIS placement. Secondly, only three different variables (AT, RST,
and DST) were used in this study. Expanding the analysis to include additional RWIS
variables, such as humidity, precipitation intensity, and friction, would provide a more
comprehensive assessment of optimal RWIS placement. Humidity could be examined along
with DPT to identify conditions conducive to frost or black ice formation. For instance,
precipitation intensity, such as snowfall and rainfall rates, directly impacts road surface
conditions and visibility, making it a critical factor for RWIS optimization. Furthermore,
friction levels influence driver maneuverability and safety, particularly in inclement winter
conditions. The use of these variables may necessitate the development of specialized
models tailored to their spatial and temporal characteristics. Additionally, a larger and
more diverse dataset is needed to increase the robustness of the semivariogram models
and validate the generalizability of the findings. Incorporating data from multiple regions
with varying climatic and topographical characteristics would ensure that the proposed
method remains applicable across different environments, reinforcing the conclusiveness
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of the results presented in this study. Moreover, time should be considered in conjunction
with space to examine the effect of spatiotemporal structure on RWIS location-allocation.
The development of space-time semivariograms could enable a more dynamic analysis,
capturing both spatial and temporal autocorrelation of road weather variables to support
RWIS placement that accounts for spatiotemporal variability. Lastly, the effectiveness of
incorporating WD in the location-allocation framework can be examined by performing
spatial analysis using buffer zones and sensitivity analysis for buffer size. Nonetheless,
the methods and findings presented herein deliver substantial advancements in RWIS
deployment strategies, providing valuable insights and tools that significantly contribute
to the field of road weather management.
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