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Abstract. This study benchmarks the efficiency of seven certified international airports in Croatia
using Data Envelopment Analysis (DEA) with a window framework under variable returns to scale,
explicitly addressing the challenge of a small number of decision-making units through dynamic window
specification. Efficiency scores were calculated across overlapping three-year periods from 2019-2023,
allowing performance dynamics to be captured during both crisis and recovery phases. The results
reveal substantial heterogeneity across airports. Osijek Airport emerged as the most consistently ef-
ficient, outperforming larger hubs such as Zagreb and Split, while Zadar and Rijeka demonstrated
notable efficiency improvements over time. In contrast, Dubrovnik Airport recorded persistently low
efficiency despite traffic recovery, suggesting structural cost rigidity and seasonal vulnerability. These
findings highlight the operational resilience of smaller regional airports and signal performance con-
straints among major hubs. By integrating traffic trends with efficiency outcomes, the study shows
that rising passenger volumes alone do not ensure improved economic performance. The results pro-
vide a timely, evidence-based framework for airport managers and policymakers to enhance strategic
planning, improve resource allocation, and strengthen the financial sustainability and competitiveness
of Croatia’s air transport sector.

Keywords: airport efficiency, benchmarking, Croatian airports, data envelopment analysis, window
analysis

Received: November 3, 2025; accepted: December 8, 2025; available online: February 9, 2026

DOI: 10.17535/crorr.2026.0017

Original scientific paper.

1. Introduction

Airports are not just transit hubs but also engines of economic growth, connectivity, and tourism
development. They facilitate the transport of passengers and goods, stimulating trade, tourism,
and investment. According to the report “The Economic and Social Impact of European Air-
ports and Air Connectivity", European airports significantly impact regional economic devel-
opment and social connectivity [25]. The report’s key findings indicate that European airports
positively impact the economy, contributing to the employment of approximately 6% of all jobs
and generating 5% of European GDP. However, the report also emphasized striking a balance
between the economic factors of air transport and its impact on the climate, all to reduce
negative environmental impacts. Furthermore, research on the impact of airports on the envi-
ronment is increasingly important in the context of the global goal of reducing CO emissions.
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[10] emphasized the need for sustainable operations, including the introduction of alternative
energy sources to reduce the environmental footprint of airports.

Airport efficiency directly impacts the entire air transport system, including flight punctual-
ity, resource utilization, and operating costs. According to [13], airports implementing advanced
technologies, such as real-time traffic management systems and digital baggage handling, experi-
ence reduced delays and increased passenger satisfaction. Additionally, infrastructure optimiza-
tion, such as terminal expansion or runway improvements, can significantly increase capacity
and reduce congestion. [9] noted that operational efficiency increases airport capacity and en-
ables better integration with other modes of transport, thereby improving the overall mobility
of passengers and goods. Airport efficiency concerns not only operational aspects but also eco-
nomic sustainability as increased productivity can reduce airline operating costs and passenger
fees, increasing airport competitiveness.

Research in this area is crucial to improving airport performance while minimizing costs and
environmental impact [19, 5]. Data envelopment analysis (DEA) allows accurate measurement
of airport service quality and profitability [21, 12, 31]. Furthermore, airports with better oper-
ational management make greater economic contributions to the regions in which they operate,
enabling greater connectivity, attracting investment, and supporting employment [25]. Given
the increasing global demand for air transport and the need for sustainable solutions, research
in this area is becoming essential for the future development of the aviation industry. Moreover,
the digital transformation and digitalisation of airports globally is a topical and very contempo-
rary subject. The digital transformation process of airports is still predominantly viewed from
the aspect of technology application. At the same time, the organizational impact, environment
and passenger experience are often neglected and insufficiently researched in the literature [26].

The efficiency of Croatian airports in the domestic literature has received insufficient atten-
tion. To the best of the authors’ knowledge, the efficiency of Croatian airports via the DEA
methodology was analyzed only in [3] for the period 2004-2008 and in [24] for the period 2009-
2014. This paper aims to assess and compare the relative efficiency of certified international
airports in Croatia via DEA for the more recent period (2019-2023), thereby filling a gap in
the domestic literature and providing data-driven guidance for improving airport performance
and competitiveness. The contribution of this research lies in presenting a comprehensive and
updated assessment of airport efficiency in Croatia for the recent period, filling a significant
empirical gap in the national literature. The study highlights current performance trends across
airports by applying a dynamic benchmarking approach. It offers valuable, evidence-based guid-
ance for enhancing operational efficiency, resource allocation, and strategic competitiveness in
an increasingly demanding and globally interconnected air transport sector. The remainder of
the paper is organized as follows: Section 2 reviews relevant literature on airport efficiency and
DEA; Section 3 explains the methodology and data; Section 4 presents the results; and Section
5 discusses the findings and concludes the study.

2. Literature review

The aviation industry has flourished in recent years and airport management styles have evolved
to apply various benchmarking techniques [20]. As critical infrastructure to the aviation indus-
try, airports are essential for their success and overall performance [31].

Operational efficiency refers to an airport’s ability to optimally utilize its resources to ensure
a safe, fast, and reliable flow of passengers, cargo, and aircraft. Increasing airport operational
efficiency reduces costs, improves the passenger experience and increases airports’ competitive-
ness in the global marketplace. Analysis of the operational efficiency of airports uses different
methods to identify opportunities for improvement and optimization of resources. According
to [14] and [6], parametric and nonparametric methods are mainly applied, with an emphasis
on the nonparametric method of data envelopment analysis (DEA).
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DEA is a frequently applied methodology for assessing airport efficiency and can be used
to improve airport efficiency [16]. The authors noted that there is no systematic approach
to selecting input and output variables, but research depends on available data. A literature
review is focused on relevant studies that use the DEA methodology. While DEA forms the
core of this review, it is important to note that airports have also been benchmarked using
alternative efficiency measurement techniques. Parametric approaches such as stochastic fron-
tier analysis (SFA) have been applied to assess cost and technical efficiency and to compare
results with nonparametric models, as shown in [20]. Earlier studies also used Free Disposal
Hull (FDH) models alongside DEA, providing a useful comparison between deterministic and
nonparametric frontiers. These alternative methods offer complementary insights and under-
score the importance of methodological choice when interpreting airport efficiency outcomes.
Against this broader methodological background, the present review focuses on DEA-based re-
search, including different DEA model variants, the selection of input and output variables, and
policy recommendations for improving airport efficiency proposed in previous empirical studies.
Findings from previous studies help to formulate an appropriate DEA framework for assessing
airport efficiency in Croatia, identify feasible input-output variables based on data availability,
and derive policy recommendations tailored to national conditions.

Empirical studies based on the DEA methodology have been conducted in many countries.
The findings of recent and relevant empirical studies emphasizing input and output variable
selection are summarized in Table 1 and described in continuation. International studies provide
useful benchmarks for Croatia, though their contexts differ. Research on large European hubs
[14] highlights the role of user satisfaction, relevant for Zagreb as the main gateway airport.
In contrast, analyses of Indian and Colombian regional airports [7, 22] emphasize how smaller
airports can achieve high efficiency despite resource constraints, offering insights for Osijek or
Rijeka. German airports [27], operating within the EU framework, provide the closest regulatory
parallel to Croatia. These comparisons underscore that efficiency does not solely depend on
size but on resource alignment, an especially critical factor for Croatia’s tourism-driven airports
with strong seasonal variation.

The evolution of the DEA methodology in analyzing airport efficiency, with methodological
limitations and the complexities of airport operations included, is described in the following
papers. [28] proposed a stepwise efficiency improvement DEA model incorporating fixed factors
such as runways, addressing the need for objective efficiency analysis of Japanese airports. [29]
presented an extended DEA model by combining the distance friction minimization (DFM)
method to improve airport efficiency projections for both input reduction and output increase.
[30] combined DFM with fixed factor analysis for a few airports in Europe, including the
influence of commercial facilities.

By analyzing the operational efficiency of 37 Chinese airports for the period of 2016-2019
via a multi-input/output slack-based DEA model, [8] determined that all 37 airports have very
low levels of operational efficiency. On the basis of these results, the authors concluded that
airports are not self-sustaining and that more investment should be made in their infrastructure.
The bound adjusted measurement (BAM)-DEA model with variable returns to scale [22] is
considered the most suitable for measuring the efficiency of Colombian airports. The authors
suggest introducing a larger number of variables to gain a more realistic insight into their
effectiveness and enhance the competitiveness of the most important variables. The efficiency of
Croatian airports was the subject of research by [3] and [24]. [3] reported that only Dubrovnik
Airport was relatively efficient in 2008, whereas the average efficiency ratings of almost all
Croatian airports increased during the five years analyzed. [24] identified Split, Pula, and Zadar
as efficient airports over four years, and Zagreb and Osijek airports over one year. The research
results indicate that the relative performance of airports in the analyzed period progressively
declined.

Interestingly, even though the application of DEA in airport efficiency is increasing globally,
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its application in Croatia is quite modest. These two studies [3, 24] are the only studies in
the Croatian scientific bibliography CROSBI. This was the main motivation for this study:
to examine and assess the relative efficiency of Croatian airports in recent years. Owing to
their vital role in traffic and tourism in Croatia, airport efficiency is extremely important to
regulatory bodies, tourism offices, local governments, and scholars.
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[7] - Inputs: average spend-
ing of the airport,
the size, the number
of parking bays, and
the runways; Outputs:
average passenger, av-
erage revenue, average
aircraft movements,
and freight

20 air-
ports in
India

DEA
method-
ology

Output-
oriented
DEA
model

Increasing returns to
scale in 10 airports, de-
creasing in 2 airports,
and constant in 8 air-
ports

[22] 2018,
2019,
2020

Inputs: the length of
the runway, the number
of workers, the opera-
tional costs; Outputs:
the number of passen-
gers and tons of cargo.

26 air-
ports in
Colom-
bia

Bounded
Adjusted
Measure-
ment
(BAM)-
DEA
method

Non-
oriented
DEA
model

5 airports were de-
tected as the most
effective regional air-
ports; variables run-
way length and number
of employees noticed as
the most important.

[14] 2018 Inputs: The number of
runways at the airport
and the total length
of the airport runways;
Outputs: the number of
passengers

103 Eu-
ropean
airports

DEA CCR
model

Output-
oriented
DEA
model

9 airports detected as
perfectly efficient

[15] 1992,
1993

Inputs: Employees,
capital costs and other
costs; Outputs: termi-
nal passenger numbers
and cargo

25 Eu-
ropean
and 12
Aus-
tralian
airports

DEA
method-
ology and
Free Dis-
posal Hull
Analysis
(FDH)

n.a. higher levels of effi-
ciency detected in Aus-
tralian airports

[27] 2016 Inputs: number of em-
ployees, number of run-
ways, and airport area;
Outputs: number of
aircraft movements and
the amount of cargo

27 air-
ports
in Ger-
many

DEA
method-
ology, CCR,
and BCC
models

Input-
oriented
DEA
model

13 airports marked as
efficient, 5 with an op-
timal and most produc-
tive size
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[24] 2009-
2014

Inputs: personnel costs,
total expenditures ex-
cluding personnel
costs, and total assets;
Output: Total rev-
enue/ATU.

7 air-
ports in
Croatia

DEA
method-
ology, CCR
and BCC
window
analysis

Input-
oriented
DEA
model

relative performance of
Croatian airports in
the analyzed period is
progressively declining

[30] 2003 Inputs: terminal space;
the number of runways,
the number of gates,
the number of employ-
ees; Outputs: the num-
ber of passengers, air-
craft movements

19 Eu-
ropean
airports

Extended
DEA model
by combin-
ing distance
friction
minimiza-
tion (DFM)

The ex-
tended
approach
using DFM
is non-
radial

An extended DEA
model is proposed to
analyze and compare
the efficiency of air-
ports

[18] 2006-
2010

Inputs: the airport size,
the number of runways,
the size of passenger
terminals, and the size
of cargo terminal; Out-
puts: the annual num-
ber of passengers and
the annual cargo vol-
ume

20
major
airports
in East
Asia,
Europe,
and
North
America

DEA-CCR,
DEA-BCC,
and DEA-
Malmquist
production
index

Output-
oriented
DEA
model

the most efficient
were Gatwick, Zurich,
Vienna, Leonardo da
Vinci Fiumicino, Los
Angeles International,
Seattle-Tacoma, San
Francisco, Hong Kong,
Beijing Capital Inter-
national, and Shanghai
Pudong Airports

[3] 2004-
2008

Inputs: expenditures
and number of employ-
ees; Output: total num-
ber of passengers

7 Croa-
tian air-
ports

DEA CCR
model, ex-
tended DEA
method -
window
analysis

Input-
oriented
DEA
model

The average efficiency
ratings of almost all
Croatian airports have
increased over the ob-
served period

Table 1: Applications of the DEA methodology in airports’ efficiency evaluation.

Although many studies adopt input-oriented specifications, recent research increasingly sup-
ports output-oriented models when revenue generation is the primary performance objective.

3. Methodology and data

There are two basic approaches for assessing efficiency and performance in general, namely
the parametric method (stochastic frontier) and the nonparametric method based on linear
mathematical programming (which is most commonly the DEA methodology) [1]. The DEA
approach is the leading nonparametric approach for the evaluation of airport efficiency, and
compared with the stochastic frontier, the literature and the application of the DEA method
in the hospitality and tourism sector are “significantly larger” [2].

DEA is one of the most prominent nonparametric methodologies in the field of operations
research (OR) and is very popular among academic members, analysts, and consultants looking
for ways to evaluate the efficiency of homogeneous units called decision-making units (DMU) [4].
This resulted in its continuous development and application in both theoretical and practical
terms, as evidenced by numerous prestigious publications [11, 17].

The choice of DEA, rather than a parametric approach such as stochastic frontier analy-
sis (SFA), is motivated by several methodological considerations. Airport operations involve
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complex and heterogeneous production processes for which specifying an explicit functional
form is difficult and often restrictive; DEA avoids this by requiring no prior assumptions about
the production technology. In addition, the relatively small number of Croatian airports makes
nonparametric approaches more suitable, as DEA performs well with small samples where para-
metric estimations may lack statistical reliability. Although alternatives, such as the Malmquist
productivity index, are frequently used for productivity analysis, they rely on stronger assump-
tions, including stable technology and consistent input-output structures across periods. Given
the small number of airports and the structural break caused by COVID-19, Malmquist results
would be unstable and potentially misleading. Window DEA is therefore more appropriate, as
it avoids intertemporal frontier comparability and remains robust under crisis conditions.

Window DEA is a widely adopted mathematical programming extension that enhances
discriminatory power and allows dynamic efficiency assessment in panel data settings [23] and
treats each DMU as distinct across reporting periods, enabling dynamic efficiency assessments
that better reflect reality than static DEA models do. Subdividing data into overlapping time
windows analyzed separately addresses limitations tied to variable-DMU ratios and introduces
a time dimension to efficiency tracking [24]. By treating the same airport in different years
as distinct units, window analysis increases the number of observations, stabilizes efficiency
estimates, and makes it possible to track performance dynamics. This is particularly useful in
the Croatian context, where only seven certified airports exist, and where efficiency is strongly
influenced by seasonal and cyclical fluctuations.

A standard DEA framework requires a sufficiently large number of decision-making units
(DMUs) relative to the number of inputs and outputs to ensure reliable and discriminating
efficiency results. One widely accepted condition is that the number of DMUs should satisfy:

N ≥ 3(m+ s) (1)

where m is the number of input variables and s is the number of output variables. In
the present study, three inputs and one output are used, implying a minimum requirement of
3(3 + 1) = 12 DMUs. However, the Croatian airport system consists of only seven airports,
which violates this criterion in a conventional DEA setting and would lead to inflated efficiency
scores.

To overcome this limitation, a Window DEA framework is employed. Window DEA extends
static DEA by converting panel data into overlapping sub-samples ("windows"), treating each
DMU in each year as a separate unit. Let i = 1, . . . , 7 index airports, t = 1, . . . , 5 denote years
(2019–2023), and w = 1, . . . , 3 represent analysis windows. Each window contains 7 · 3 = 21
DMUs, thus satisfying the required discrimination threshold:

Nw = 21 ≥ 12 (2)

The adopted windows are: (2019–2021), (2020–2022), and (2021–2023). Within each win-
dow, the output-oriented BCC model under variable returns to scale is solved.

For a given airport-year observation j in window w, the BCC model is defined as:

maxθ,λθ (3)

subject to:

Nw∑
j=1

λjyrj ≥ θyrj0 , r = 1, . . . , s (4)

Nw∑
j=1

λjxij ≤ xij0 , i = 1, . . . ,m (5)
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Nw∑
j=1

λj = 1 (6)

λj ≥ 0, j = 1, . . . , Nw (7)
where xij and yrj denote input and output values, respectively, and λj are intensity variables

constructing the reference frontier. The convexity constraint ensures the variable returns to
scale (BCC) specification, while the efficiency score θ represents the proportional expansion in
outputs required for the evaluated airport to become efficient, given its current input levels.

In this formulation, θ is the scalar efficiency score of the evaluated airport-year observation
(j0). In the output-oriented model, θ ≥ 1 and θ = 1 indicate full efficiency. The λ-weights
represent intensity parameters that construct the reference (benchmark) frontier as a convex
combination of observed DMUs. The constraint

∑
λj = 1 imposes variable returns to scale,

ensuring the BCC specification, where e denotes a row vector of ones. The BCC model requires
two efficiency conditions: (1) θ = 1 and (2) all constraints satisfied without excess input or
output shortfalls.

Implementation Steps:
1. Form three-year moving windows,
2. Treat each airport-year as a DMU,
3. Apply BCC output-oriented DEA per window,
4. Aggregate efficiency results by airport and year,
5. Interpret trends across overlapping windows.

The model is specified under variable returns to scale (VRS), reflecting differences in airport
size, capacity, and scale effects, large hubs such as Zagreb operate under fundamentally different
conditions than small regional airports such as Osijek or Rijeka. VRS therefore provides a
more realistic representation of the Croatian airport system than constant returns to scale. An
output-oriented model was chosen because the primary managerial objective of airports is to
maximise outputs (such as revenue generation) given largely fixed short-term inputs, especially
infrastructure and labour. Other orientations are possible, but output orientation aligns best
with both the operational reality of airports and the available dataset.

The main aim of this research is to measure and compare the relative efficiency of inter-
national airports in the Republic of Croatia by using the DEA window analysis technique for
the period 2019-2023. Although the DEA model specification follows the structure used in
[24], our choice of inputs and outputs is not based solely on that study. The broader literature
review (shown in Table 1) reveals that financial variables, such as personnel costs, operating
expenditures, assets, and revenues are among the most frequently used indicators in airport effi-
ciency studies, particularly when the objective is to measure economic or financial performance
(e.g., [3, 24, 7, 22, 8]). Airports differ substantially in size, traffic composition, seasonality,
and commercial structure, which makes financial variables suitable since they capture resource
utilization and performance in a way that is comparable across airports regardless of their
operational mix.

Passenger traffic is indeed commonly used as an output variable in many DEA studies.
However, its inclusion in our model was constrained by data consistency requirements. The
annual passenger numbers presented in Table 7 originate from the Croatian Bureau of Statistics
and represent realised traffic volumes. In contrast, the financial variables used in the DEA model
were obtained directly from the annual financial statements of the airport operators. These two
datasets are not fully synchronized: some airports classify transit passengers differently, some
report combined domestic and international totals while others separate them, and cargo flows
are inconsistently reported across years.

More importantly, the financial reporting framework remained consistent across all airports
for the full 2019-2023 period, while the traffic dataset contains gaps in monthly and segment-
level data for some airports during the COVID-19 years, making it unsuitable for constructing
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a uniform operational output across the entire sample. Another important methodological
consideration is the ratio of sample size to the number of variables in DEA. With only seven
airports in the sample (i.e. DMUs), expanding the model with several additional outputs (e.g.,
passenger volumes, aircraft movements, or cargo tonnage) would risk breaching established
DEA guidelines that recommend maintaining a minimum of three times the total number of
inputs and outputs to preserve discriminatory power and prevent an artificially high proportion
of units from appearing fully efficient. Although the window analysis framework increases
the total number of observations by treating each airport-year combination as a distinct unit,
the effective number of DMUs within each window remains relatively small (n = 21), which
constrains the feasible number of variables that can be included without compromising the
robustness of the efficiency estimates.

To maintain discriminatory power and avoid model overspecification, we restricted the model
to three inputs and one output. Given these constraints, total revenue was chosen as the output
variable because it reflects the aggregate economic outcome of airport operations, encompassing
both aeronautical and non-aeronautical activities. This aligns with the financial nature of the
selected inputs (costs and assets), creating a coherent and internally consistent economic effi-
ciency model. While passenger numbers could add a complementary operational dimension, the
objective of this study is to assess economic efficiency rather than purely operational through-
put. Future research may incorporate multiple operational outputs once fully harmonized traffic
datasets become available.

Therefore, in this study, three input variables and one output variable are selected as follows:
personnel costs, total expenditures excluding personnel costs and total assets as inputs and total
revenue as output. The employed variables are presented in Table 2.

Character of variable Variables
Personnel costs (I1)

INPUTS Total expenditures excluding personnel costs (I2)
Total assets (I3)

OUTPUTS Total revenue (O1)

Table 2: Inputs and outputs of the DEA model.

The empirical analysis was conducted using the dedicated window analysis module in
MaxDEA 9, which automatically treats each airport-year observation as a separate DMU and
ensures consistent window construction. The efficiency results for each airport help identify
which Croatian airports are relatively efficient and which are not. Efficient airports are as-
signed a score of 1, i.e., 100%, whereas inefficient airports are assigned an efficiency score lower
than 1.

We use a rolling window of three years, yielding three overlapping windows: 2019-2021,
2020-2022, and 2021-2023 (Table 3). Each airport appears in each window as a separate DMU
for each year.

Window 1 2019 2020 2021
Window 2 2020 2021 2022
Window 3 2021 2022 2023

Table 3: Length of the DEA windows used.

The sample consists of 7 international airports that have been granted certificates in accor-
dance with Commission Regulation no. 139/2014, i.e., Dubrovnik Airport (DU), Pula Airport
(PU), Split Airport (ST), Zadar Airport (ZD), Franjo Tuđman Airport Zagreb (ZG), Osijek
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Airport (OS), Rijeka Airport (RI). Brač Airport is excluded from the model since it is not an
international airport. All the airports in the sample are “state or region/municipality owned
with major state ownership” [24].

4. Results

The descriptive statistics offer critical insights into the operational diversity among Croatian
international airports from 2019 to 2023 (Table 4). Across the dataset, variables such as per-
sonnel costs, other expenditures, total assets, and total revenues reveal wide dispersion and
skewed distributions.

Personnel costs Total expenditures,
excluding personnel
costs

Total assets Total revenue

Mean 5506917 16500335 129861906 24477038
Standard
Error

878593 2848683 23355578 4339171

Median 3338275 6314172 24693255 11706093
Standard
Deviation

5197826 16853036 138173464 25670879

Kurtosis -0.3670 -0.7170 -1.1149 -0.8012
Skewness 0.9789 0.7960 0.7274 0.8714
Range 16491892 52485042 389650758 76381796
Minimum 477402 830050 13045695 1342196
Maximum 16969294 53315092 402696453 77723992
Sum 192742093 577511729 4545166709 856696346
Count 35 35 35 35

Table 4: Descriptive statistics.

For example, total assets ranged from approximately 13 million EUR to over 402 million
EUR, with a standard deviation exceeding 138 million EUR. A similar pattern is evident in total
revenue, which varies from just over 1.3 million EUR to more than 77 million EUR, emphasizing
the heterogeneity of airport operations. All the variables exhibit positive skewness, with values
ranging from 0.73 to 0.98, suggesting that most airports operate below the mean, but a few
large airports (like Zagreb and Split) drive the upper end of the distribution. The kurtosis
values are all negative, confirming flat, light-tailed distributions.

These observations justify the application of DEA, which remains robust in non-normal,
high-variance datasets. Unlike traditional parametric methods, DEA handles this variability
without imposing restrictive assumptions, ensuring fair and scale-independent efficiency com-
parisons.

Outlier detection was conducted over the full five-year period, with the results showing 2019
as an illustrative year (Figure 1). No outliers were identified in any of the years. The lack of
extreme values strengthens the validity of the DEA results, as it indicates consistency in airport
input-output behavior and confirms the reliability of the sample. It also eliminates concerns of
frontier distortion, ensuring a more stable and interpretable efficiency frontier.
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Figure 1: Outlier diagnostics for input and output variables: evidence from the 2019 dataset.

The output-oriented BCC DEA model, applied through window analysis with three-year
overlapping windows, enabled a dynamic assessment of relative efficiency across the seven cer-
tified international airports in Croatia. Each airport was treated as a distinct decision-making
unit in each window, allowing the model to capture both performance shifts over time and
efficiency volatility. The analysis of the results is supported by efficiency scores across windows
(Table 5) and average window DEA efficiency scores for each airport (Table 6), enabling a
comprehensive interpretation of performance dynamics over time.

Osijek Airport (OS) demonstrated exceptional consistency and topped the efficiency rank-
ings, with an average window DEA score of 0.9836. It maintained full efficiency in nearly all
windows, showcasing highly effective resource management despite being one of the smaller
airports in the system. Osijek’s performance sets a benchmark for operational excellence and
strategic agility in the sector.

Zadar Airport (ZD) ranked second, with an average score of 0.9008, indicating robust effi-
ciency, particularly in the later windows. This indicates that Zadar has successfully adapted
its operations over time, possibly benefiting from increased tourism flows and improved infras-
tructure.

Rijeka (RI) and Zagreb (ZG) followed closely, with average efficiency scores of 0.8627 and
0.8574, respectively. Rijeka achieved an efficiency score of 1.0000 in several later windows,
suggesting improved cost control and better output generation. Zagreb, the capital airport
and the country’s largest airport, performed solidly overall, although not without fluctuations.
Given its scale, a slightly lower average is not unexpected, as large airports often deal with
more complex operational environments.

Split (ST), once reported as the most efficient airport in earlier studies [24], now ranks
fifth, with an average efficiency of 0.7830. Although it reached full efficiency in later windows,
its overall score reflects mid-range performance, which is likely affected by inconsistent cost
efficiency or underutilization in certain years.

Pula Airport (PU) displayed moderate efficiency, with an average value of 0.6964. The
gradual decline over successive windows points to either rising costs or stagnating revenues,
which may require strategic investment and re-evaluation of service offerings.

Finally, Dubrovnik Airport (DU) recorded the lowest average score of 0.6695, despite the
efficiency score of 1.0000 in the first year. Its persistent inefficiency across subsequent windows
is concerning, especially considering Dubrovnik’s prominent role in Croatian tourism. This
drop might be attributed to seasonal imbalances, high fixed costs, or management challenges,
and warrants a comprehensive performance review.
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Window Period Dubrovnik
(DU)

Osijek
(OS)

Pula
(PU)

Rijeka
(RI)

Split
(ST)

Zadar
(ZD)

Zagreb
(ZG)

1-3 1 1 1 0.9716 0.7783 1 1 1
1-3 2 0.3564 1 0.5162 0.5865 0.3577 0.63 0.5132
1-3 3 0.6043 1 0.7664 1 0.7238 1 0.6023
2-4 2 0.3706 1 0.5155 0.5264 0.3972 0.5809 0.7956
2-4 3 0.6033 1 0.7447 1 0.7841 0.9443 0.9357
2-4 4 0.8281 1 0.6795 1 1 1 1
3-5 3 0.6033 1 0.7447 1 0.7841 0.9517 0.9357
3-5 4 0.8145 1 0.6795 1 1 1 1
3-5 5 0.8454 0.8525 0.6497 0.8727 1 1 0.9337

Table 5: Window DEA analysis score.

DMU Average Window DEA Efficiency Score
Osijek (OS) 0.9836
Zadar (ZD) 0.9008
Rijeka (RI) 0.8627
Zagreb (ZG) 0.8574
Split (ST) 0.7830
Pula (PU) 0.6964

Dubrovnik (DU) 0.6695

Table 6: Average efficiency scores by airport (Window DEA).

While Table 6 reports average efficiency scores aggregated across all windows, Table 6b
presents year-specific averages, thereby restoring the dynamic dimension of airport performance.

Airport 2019 2020 2021 2022 2023
Dubrovnik (DU) 1.0000 0.3635 0.6036 0.8213 0.8454

Osijek (OS) 1.0000 1.0000 1.0000 1.0000 0.8525
Pula (PU) 0.9716 0.5159 0.7519 0.6795 0.6497
Rijeka (RI) 0.7783 0.5565 1.0000 1.0000 0.8727
Split (ST) 1.0000 0.3775 0.7640 1.0000 1.0000
Zadar (ZD) 1.0000 0.6055 0.9652 1.0000 1.0000
Zagreb (ZG) 1.0000 0.6544 0.8246 1.0000 0.9337

Table 6b: Average efficiency scores by airport and year (Window DEA dynamic view).

Dynamic efficiency trends become clearer when DEA scores are averaged by year. Table 6b
reveals distinct efficiency trajectories across Croatian airports. Osijek displays exceptional con-
sistency with near-perfect efficiency throughout the entire period, confirming superior resource
optimization despite low traffic volumes. Zadar shows a strong upward trajectory, reaching
full efficiency after 2021, which aligns with its expansion strategy and traffic growth. Rijeka
exhibits significant improvement from inefficiency to sustained full efficiency in later years.

In contrast, Dubrovnik shows pronounced volatility. Despite full efficiency in 2019, it ex-
perienced a sharp drop during the COVID-19 period and recovered only partially by 2023,
suggesting structural rigidity and high fixed costs. Pula similarly exhibits weakening economic
performance. Zagreb and Split, while large hubs, display unstable patterns caused by scale
complexity and recovery frictions. These year-wise averages confirm that airport efficiency is
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dynamic rather than static and strongly influenced by crisis resilience, structural flexibility, and
business model adaptation.

A comparative review with earlier studies offers a meaningful perspective. The current
ranking diverges from the findings of [24], who identified Split as the top performer from 2009
to 2014. Moreover, the results contradict those of [3], who found Dubrovnik to be among the
most efficient between 2004 and 2008. These discrepancies suggest that airport efficiency is
not static but rather subject to shifts in policy, investment, demand dynamics, and managerial
adaptation.

Window analysis proves invaluable in this context, allowing decision-makers to track perfor-
mance trajectories rather than static snapshots. For example, Zadar, Rijeka, and Split all show
increasing trends, whereas Pula and Dubrovnik reflect stagnation or decline. These patterns
can inform resource allocation, strategic planning, and policy interventions at both the airport
and national aviation levels.

According to data from the Croatian Bureau of Statistics (DZS), in terms of actual passen-
ger traffic, Croatian airports experienced significant fluctuations during the 2019-2023 period,
largely due to the COVID-19 pandemic and the uneven pace of recovery, as shown in Table
7. Zagreb (ZAG), the country’s main hub, handled around 3.4 million passengers in 2019, saw
traffic fall to only 0.9 million in 2020, and then gradually recovered to over 3.7 million by 2023.
Split (SPU) followed a similar pattern, dropping from approximately 3.3 million passengers in
2019 to just 0.6 million in 2020, before rebounding to more than 3.0 million by 2023. Dubrovnik
(DBV), heavily dependent on international tourism, was hit particularly hard: from nearly 2.9
million passengers in 2019, traffic collapsed to 0.3 million in 2020 and recovered more slowly
compared to Split or Zagreb, reaching only 2.4 million by 2023. Regional airports reflected
different dynamics. Zadar (ZD) grew from nearly 800,000 passengers in 2019 to more than 1.2
million in 2023, boosted by the expansion of Ryanair’s base. Rijeka (RI), while smaller with
around 150,000-200,000 passengers annually, remained stable with moderate growth in seasonal
routes. Pula (PU), with approximately 770,000 passengers in 2019, showed a slower recovery
to around 600,000 by 2023 due to its reliance on seasonal tourism flows. Finally, Osijek (OS)
remained the smallest international airport, handling only 40,000-50,000 passengers annually,
yet its DEA efficiency scores suggest that lean operations allowed it to perform relatively well
despite limited traffic.

To examine the relationship between operational activity and economic efficiency, passenger
traffic trends were compared with DEA efficiency trajectories. A clear association is observed
for several airports: Zadar and Rijeka exhibit simultaneous growth in passenger volumes and
efficiency scores, suggesting that rising traffic translated effectively into revenue generation and
operational scale benefits. Osijek represents a distinctive case of lean efficiency, maintaining
high DEA performance despite consistently low passenger numbers, which reflects strict cost
control and flexible operations rather than volume-driven efficiency. In contrast, Dubrovnik
demonstrates a mismatch between traffic recovery and efficiency outcomes. Although passen-
ger volumes rebounded strongly after 2021, its DEA scores remained persistently low, implying
that increased traffic did not proportionally convert into economic performance. This pattern
indicates structural cost rigidity, seasonal dependence, and possibly inefficiencies in capacity
utilization. Similarly, Pula’s stagnant efficiency despite modest traffic recovery reflects vulner-
ability to seasonal operations and weak revenue diversification. Zagreb and Split, as dominant
hubs, display greater efficiency volatility, consistent with scale complexity and delayed cost
adjustment during post-pandemic recovery. Although formal statistical correlation is not the
primary focus of DEA, the consistency of directional patterns across efficiency scores and traffic
volumes supports the robustness of the benchmarking results.
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Passenger flows at Croatian airports 2019 2020 2021 2022 2023
Osijek (OS) 45697 6382 10905 15174 36062
Zadar (ZD) 782574 111179 500286 1082672 1213247
Rijeka (RI) 197151 25460 52773 161873 152053
Zagreb (ZG) 3409977 913703 1388736 3102485 3696371
Split (ST) 3271045 659350 1559178 2885863 3336119
Pula (PU) 765508 78832 261647 383477 413439

Dubrovnik (DU) 2877801 322601 917666 2139382 2406674

Table 7: Passenger flows at Croatian airports (2019-2023).
Source: Croatian Bureau of Statistics, TRAFFIC IN AIRPORTS.

5. Discussion and conclusion

This study benchmarks the efficiency of Croatian international airports in 2019-2023, a period
shaped by post-COVID recovery and rapid digital transformation in global aviation. While
earlier research evaluated Croatian airports’ efficiency from 2004-2014, this paper offers a much-
needed update by capturing how airport performance has evolved. The DEA results reveal
notable variations across airports, yet efficiency scores alone cannot explain performance gaps.
Placing these findings in context highlights structural and managerial factors behind the results.

The applied methodology, incorporating overlapping time windows, allowed for a dynamic
understanding of efficiency rather than a static snapshot. The results clearly reveal variations in
airport performance. Osijek Airport consistently demonstrated the highest levels of efficiency,
indicating that even smaller airports can lead to operational effectiveness when resources are
well managed. On the other hand, Dubrovnik Airport, despite its prominent role in Croatian
tourism, recorded the lowest average efficiency. This indicates the potential need for deeper
strategic and operational adjustments. Zadar, Rijeka, and Split showed increasing trends,
reflecting improvements in their efficiency over the observed period. Zagreb, though the largest
hub, faces efficiency constraints due to complex operations and infrastructure bottlenecks.

This research offers several important contributions. First, it extensively reviews the global
and European literature on airport efficiency, highlighting the strengths of nonparametric meth-
ods such as DEA. Second, it fills a significant empirical gap by evaluating the recent performance
of Croatian airports, which have not been studied for nearly a decade. Third, and most impor-
tantly, the results have direct relevance for a wide range of stakeholders. Regulators, airport
operators, and policymakers can use these insights to identify areas for improvement, develop
tailored strategies, and inform investment and infrastructure decisions. From a managerial point
of view, the study supports data-informed decision-making. Airports can benchmark their per-
formance against that of their national peers and adjust their operations to improve output and
cost efficiency. For policymakers, these findings can contribute to broader transport planning,
regional development goals, and the design of performance-based support mechanisms.

This study advances the work of [24], in several important ways. While the earlier study
focused on a stable pre-pandemic period (2009-2014), our research examines airport efficiency
during a period characterized by unprecedented volatility, allowing us to observe how Croatian
airports respond to external shocks and recovery trajectories. Moreover, this paper expands
the methodological rigor by providing a more comprehensive explanation of the window DEA
framework, its assumptions, suitability for small DMU sets, and advantages over static DEA
and Malmquist indices under conditions of structural disruption. The study also incorporates a
refined financial dataset that enables a cleaner comparison of economic efficiency, avoiding in-
consistencies in traffic reporting observed in earlier work. Consequently, the findings contribute
new empirical evidence on how Croatian airports adjust their resource utilization during periods
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of crisis and thereafter, normalization, offering insights that were not available in the previous
literature.

Despite offering valuable insights, this study has certain limitations that should be acknowl-
edged. First, the analysis is limited to seven certified international airports in Croatia, excluding
smaller regional or seasonal airports, which may also play important roles in local connectivity
and tourism. Second, the choice of input and output variables and the use of only one output
variable (total revenue) in the DEA model was guided by data availability and comparability
across airports in the 2019-2023 period, which may not capture the full complexity of airport
operations, particularly nonfinancial dimensions such as passenger satisfaction or environmen-
tal performance. While additional outputs such as passenger traffic or cargo volumes could
provide a broader picture of business efficiency, comparable and complete datasets for all air-
ports were not available for the entire period. Previous DEA studies in the aviation sector have
demonstrated that financial outputs alone can yield meaningful and robust results when the
selected inputs are also financial in nature. Third, the analysis covers the period 2019–2023,
which includes the COVID-19 crisis. We recognize that the pandemic caused abnormal distor-
tions in air traffic and efficiency scores. However, the inclusion of this period also represents
a strength, as it provides insight into how airports managed efficiency during both crisis and
recovery. This perspective is particularly relevant for policymakers and managers seeking to
improve resilience against future demand shocks. Third, while window analysis adds a dynamic
perspective, it still assumes consistent behavior of decision-making units within each window,
which may overlook short-term shocks or rapid operational changes. Finally, the study is based
on financial and operational data without integrating qualitative insights from airport manage-
ment or governance structures, which could provide a deeper context behind efficiency scores.
Future research could employ a multi-output DEA framework that incorporates operational
measures such as passenger flows or cargo volumes, as well as by conducting sensitivity analy-
ses that exclude the COVID-19 years. Such studies would allow a clearer distinction between
structural efficiency patterns in normal conditions and performance under crisis circumstances.

For airport CEOs and policymakers, the results suggest several concrete actions: diversify
revenues beyond seasonal passenger flows, expand digital solutions for cost and flow manage-
ment, and invest in resilience against demand shocks. CFOs should use DEA benchmarking
to refine cost efficiency strategies, while operations managers can adopt predictive analytics
and automation to optimize resource allocation. Coordinated planning with national tourism
authorities can further mitigate seasonal inefficiencies.

By combining DEA insights with traffic and operational realities, this study provides action-
able guidance. Croatian airports can enhance competitiveness and sustainability by embracing
digital transformation, strengthening cost discipline, and addressing seasonal imbalances, align-
ing local performance with global trends shaping the future of air transport.

Building on the findings of this study, future research should consider expanding the scope
to include a broader set of airports, both within Croatia and across the region, to enable cross-
country benchmarking and comparative policy analysis. Integrating parametric approaches such
as stochastic frontier analysis (SFA) alongside DEA could offer complementary perspectives and
strengthen the robustness of efficiency evaluations. Researchers may also explore multistage
models that incorporate environmental and service quality indicators, aligning the assessment
with sustainability and customer-centric goals in aviation. Additionally, extending the analysis
period to include pre- and post-pandemic data would provide critical insights into how external
shocks affect airport efficiency over time. Finally, future studies could incorporate qualitative
methods, such as interviews with airport managers and stakeholders, to better understand the
strategic and operational factors driving performance outcomes.
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