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(e main objective of this paper was to investigate the relationship between PCI and IRI values of the rural road network. To this
end, 6000 pavement sections of the rural road network in Iran were selected. Road surface images and roughness linear profiles
were collected using an automated car to calculate PCI and IRI, respectively. (ree exponential regression models were developed
and validated in three different IRI intervals. Analysis of the results indicated that exponential regression was the best model to
relate IRI and PCI. In these models, R2 values were found to be acceptable, equal to 0.75, 0.76, and 0.59 for roads with good, fair,
and very poor qualities, respectively, indicating a good relationship between IRI and PCI.Moreover, validation results showed that
the model had a high accuracy. Also, the relation between IRI and PCI became weaker as a result of increasing the level of road
surface roughness, which can be caused by the increase in the number and severity of failures. Furthermore, two failures of rail
R.C. and rutting were rarely observed in the studied roads.(erefore, the proposed model is more applicable for roads without the
mentioned failures and asphalt-pavement rural road network.

1. Introduction

Managing the highway infrastructure leads to increasing
traffic safety and reducing the future probable costs of
pavements renovating [1]. On the other hand, road agencies
must evaluate the efficiency and cost-effectiveness of
maintaining a road network at the required performance
levels over the service life, based on which decisions are
made and pavement management analysis is conducted.
(erefore, pavement quality evaluation and surface failure
characteristics are significant factors in the design and life-
cycle time.

Pavement failures can be classified into two types:
functional failures and structural failures, and also, the in-
spection methods used to verify damage type can be cate-
gorized into four conditions: structural, surface distress,
safety or skid, and roughness. Structural conditions are
related to structural failure, but others are associated with

functional failure. (erefore, there are various indices to
determine the quality of asphalt pavement, the most im-
portant of which are pavement condition index (PCI),
present serviceability index (PSI), and present serviceability
rating (PSR). PCI is the custom index for evaluating
pavement quality and is a numerical index regarding
structural and functional surface distress based on a spec-
ified guideline, ranging from 0 for a failed pavement to 100
for pavement in perfect condition [2].

Some studies have utilized PCI in maintenance and
rehabilitation planning [3–5]. Also, according to the defi-
nition of the American Society for Testing and Materials [6],
roughness is the deviation of a surface from a planar surface
with characteristic dimension and ride quality. Besides, the
international roughness index (IRI) is employed to evaluate
the roughness of pavements. It can also be used for sum-
marizing roughness qualities that affect vehicle response.
Road surface roughness is an important parameter that
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indicates the comfort level of the ride over a road surface and
is also related to safety, vehicle vibration, operating speed,
vehicle operating cost, etc. [2]. (at is why IRI has become a
prominent index in Pavement Management System (PMS),
especially to calculate vehicle operating cost in many
countries [7]. Also, models of prediction based on IRI are
used in studies as pavement deterioration and pavement
condition improvement models [8–11].

In developing countries, and especially in Iran, the data
for asphalt concrete failure (PCI) and IRI are not available
on most of the roads due to limited budget and equipment
[12]. For instance, there are few data collection tools, es-
pecially for IRI. Hence, decision-makers prefer to utilize this
equipment for roads that have higher traffic volumes such as
freeways and highways. (erefore, in this study, the rela-
tionship between pavement condition index and interna-
tional roughness index in rural road network will be
examined.

1.1. Literature Review. (ere have been numerous studies
relating asphalt concrete pavement quality indices and surface
roughness, such as Al-Omari and Drater [13] on relating IRI
and PSR, Sharaf and Fathi [14] on associating IRI and PCI,
and Hall and Muñoz [15] on relating IRI and PSI.

Some researchers developed regression models to relate
pavement failures and IRI. In the WesTrack Project, Mactutis
et al. [16] presented a relationship between IRI and pavement
failures. In this relationship, IRI (m/km) depended on initial
IRI, fatigue cracks (alligator and longitudinal cracks), and
rutting depth (mm), while other pavement failures were not
considered. IRI values ranged between 0.825 and 3.454, the
majority of which were between 0.825 and 1.7. (e rela-
tionship demonstrated the dependency of IRI on the initial
value of IRI and sensitivity to the surface of fatigue cracks,
while it was not sensitive to rutting depth.

Another linear regression model was developed by
Dewan and Smith [17] to estimate IRI using PCI in San
Francisco Bay Area roads. (e failures included alligator
cracking, block cracking, longitudinal and transverse
cracking, depression and rutting, patching and utility cut
patch, distortion, and weathering and raveling cracks. (e
severity of cracks was classified as low, medium, and high.
(emajority of measured IRIs were less than 3. In this study,
the relationship between PCI and IRI and different failures
with different severities were evaluated. Only the linear
regression model between IRI and PCI was statistically and
logically acceptable. (e regression relationship was

IRI � 0.0171(153 − PCI) R
2

� 0.53 , (1)

where IRI is in m/km. (e R2 value of the model was 0.53
with a coefficient of variation of 28%. (e observed and
predicted values of IRI were compared for model validation.

Park et al. [18] found a power relationship between PCI
and IRI using the data on North American roads. Pavement
profile PCI was calculated using micropaver. (e model
predicted PCI values based on small IRIs between 0.725 and
2. Caution should be exercised in using the model outside
the recommended IRI range. As future work, this study

suggested the use of a wider interval of IRI for model de-
velopment. (e relation was as follows:

Log PCI � log 87.098 − 0.481 IRI R
2

� 0.66 , (2)

where IRI is in m/km.
Sandra and Sarkar [19] established a linear regression

model to estimate IRI based on the severity and area of five
major failures in Indian roads.(e R2 value of the model was
0.986. (e five failures included cracking, potholes, rutting,
raveling, and patching. Results indicated that potholes and
raveling have the most impact on the model on Indian roads.

Similar to Sandra and Sarkar [19] and considering
cracking, potholes, patching, rutting, raveling alligator
cracking, and edge failure, Prasad et al. [20] presented a
regression model to calculate IRI for Pradhan Mantri Gram
Sadak Yojana (PMGSY) roads in which R2 � 0.66. In this
study, alligator cracking failures with high severity and
potholes with a medium severity had the highest coefficients
which mean that these two failures have a high impact on IRI.

Arhin and Noel [21] developed exponential regression
models to predict PCI from IRI values. According to the
performance class and types of pavement, these models were
classified into two general sections: one was based on road
performance class, freeway, arterial, collector, and local,
while the other was based on types of pavement, asphalt
concrete, concrete, and composite. Seven regression equa-
tions were presented based on this classification. (e results
revealed that according to the very small values of R2, the
models may only explain a low percentage of variations in
data and, thus, cannot predict the results accurately enough.

In addition, there are studies using modern techniques
such as neural networks and genetic programming (GP). Lin
et al. [22] achieved a relation between IRI and 10 types of
common pavement failure in Taiwan via feed-forward
neural network backpropagation. (e failures included
rutting, alligator cracking, cracking, patching, potholes,
corrugation, manholes, stripping, and bleeding. Some of the
failures proved more important in the calculation of PCI.

Shahnazari et al. [23] estimated PCI using GP, ANN, and
pavement failures. (emodels were developed mostly by the
data in the range of 80–100. In comparison with field-
measured values, the values estimated in both GP and ANN
approaches had an acceptable error. However, the ANN
technique was more precise than GP. Regarding the data
focus on a PCI of more than 60, there were more errors in
the estimation of items with a PCI of less than 40.

Arabani et al. [24] proved the stronger performance of
the rough set theory for solving road pavement management
problems in comparison with the other applied methods.
(e amount of data needed for modelling the problem
would be decreased using rough set theory method.

Elhadidy et al. [25] presented models to determine the
relationship between PCI and IRI. (ey found the best
relationship between PCI and IRI with a coefficient of de-
termination (R2) of 0.995. (e bias in the predicted IRI
values was significantly very low.(emodel validation using
a different dataset also yielded highly accurate predictions
(R2 � 0.992).
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Piryonesi and El-Diraby [26] showed that the correlation
between the IRI and the PCI was stronger in the Long-Term
Pavement Performance (LTPP) database. (ey investigated
the variations not explained by regression models, i.e.,
reasons that road sections could have an excellent PCI and
poor IRI and vice versa. Besides, the relationship between
the PCI and IRI can vary significantly based on factors such
as location, functional class, and slope.

Bashar and Torres-Machi [27] presented three meta-
heuristic algorithms commonly used to predict international
roughness index (IRI) and compared their performance to
traditional techniques. (ey indicated that machine learning
algorithms capture on average 15.6% more variability than
traditional techniques. Random forest was the most accurate
technique with an overall performance value of 0.995. ANN
was also identified as a highly effective technique that has
been widely used and provides accurate predictions with
both small and large sample sizes.

According to reviewed references, the relations are used
for IRI values which are less than 3 and small IRI ranges.
Also, all the models are based on limited database infor-
mation. In most of the studies, there are only a few failures
related to IRI. In general, it can be observed that the relation
between IRI and pavement failures is reasonable, and the
effective method to estimate IRI differs based on different
regions and roads. Furthermore, all of the relations are local
and cannot be utilized for other regions, and models are
required to be calibrated by regions and road conditions.

1.2. Purpose of Study. (emain objective of this paper was to
investigate the relationship between PCI and IRI and present
a model which estimates PCI based on IRI values and vice
versa. In order to achieve this aim, 6000 pavement sections
from 600 km of rural road network in Fars Province were
selected as study sites. For measuring PCI and IRI of roads, a
van vehicle “Tadbirgare Rah” was used which collects surface
failures and longitude roughness profile to calculate PCI and
IRI, respectively. Also, the most distinctive novelty of this
paper is a new domestic automated car that was used to
determine the PCI information in rural areas. Eventually,
log-linear regression model was developed and validated.

2. Data Collection

Field data were collected using “Tadbirgare Rah.” Tadbirgare
Rah is a van vehicle in which the advanced evaluation
equipment for road evaluation is implemented. (is ma-
chine collects road and airport network data including
surface failures, roughness, pavement drainage conditions,
and road safety in the shortest time. Tadbirgare Rah is il-
lustrated in Figure 1.

In order to obtain PCI, the images of the road surface
were taken on the studied roads. Following the image
analysis, a continuous roll from the road surface was ob-
tained, as shown in Figure 2.

(e images were imported in the Road Mapper software
using which the area or length, type, and severity of failures
were specified in the next step. In this study, the failures

which were used to calculate PCI included alligator cracking,
longitudinal cracking, transverse cracking, block cracking,
rutting, edge failure, corrugation, weathering and raveling,
joint reflection, patching, potholes, polished aggregates,
slippage, and rail-road crossing (rail R.C.). In this figure,
alligator, transverse, and longitudinal cracking are pre-
dominant distress types.

PCI calculation in Road Mapper based on the ASTM
D6433 [28] standard is demonstrated in Figure 3. Detection
of distress type, determination of distress severity, and
calculation of distress area or length were conducted in the
Road Mapper software.

(e design and construction of this machine for col-
lecting road longitude profiles are based on the ASTM-E950
[29] standard and Global Bank certificates. IRI was obtained
based on the longitude roughness profile using the Road
Analyser software.

To collect data, 600 km of roads in Fars Province, Iran,
were considered. (e chosen roads were paved with asphalt
concrete with two or multiple lanes. PCI and IRI values were
calculated in 100m longitude and 1m width sections
continuously along the road. (ere a total of 6000 pavement
sections were prepared.

In this study, rail R.C. failure did not exist in the selected
roads. Rutting was observed in few profiles and was neg-
ligible. (e frequencies of PCI values are shown in
Figure 4(a). Most of the cases were in the range of 80 to 100.
At the same time, the frequencies of IRI values are depicted
in Figure 4(b) where 0< IRI< 3.5 were the predominant
frequencies.

3. Model Development

Model development can be affected by outlying or erroneous
data. (erefore, 510 sections were identified and omitted as
results of tarnished images, visual errors, image quality, and
geographical coordinate errors. According to model de-
velopment, a constant relation was found between IRI< 2.5
and PCI. It means that PCI values of 1867 sections with IRI
values of less than 2.5 were equal to 100. (erefore, no
regression model development was required. A total of 2537
out of 3623 remaining sections (70% of sections) were se-
lected randomly and used for model development. (e data
on 1086 sections (30% of the observed values) were reserved
model validation.

Figure 1: “Tadbirgare Rah” automated car.
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IRI and PCI are two pavement quality indices that are
inversely related, i.e., as the pavement deteriorates, PCI
decreases, and IRI increases. Regarding the relationship
between IRI and PCI values in different qualities of pave-
ment, the variation rate of PCI is different from that of IRI.
In a small range of IRI, the difference in variation rate is
small, but this rate becomes larger by increasing pavement
quality and PCI.

Initially, model development was performed for all the
ranges of IRI in one model, while separated models for such
large-ranged data increase the accuracy. Also, the variation
rate of PCI values is different in the range of IRI values.(us,
IRI was divided into three ranges according to Washington
Department of Transportation instructions based on road

pavement quality to relate PCI and IRI. (e mean, maxi-
mum, minimum, and standard deviation (Std. D.) values of
these data were calculated and are given in Table 1. To
determine the normality of PCI data, the Kolmogor-
ov–Smirnov test was performed and the result is shown in
Table 2.(e result shows that the significance level in the K-S
test (represented by sig.) was more than 0.05, meaning that
the null hypothesis (H0) failed to be rejected, which is the
natural distribution of the variables. So, the distribution was
normal and parametric tests were used.

To investigate the relationship between IRI and PCI,
different functions such as linear, power, and exponential
were examined. Among them, the exponential model was
selected as the most appropriate. (e log-linear regression is

Figure 2: Continuous roll from road surface.

Figure 3: A sample of PCI calculation in Road Mapper software.
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Figure 4: Frequencies of the cases versus (a) PCI ranges and (b) IRI ranges.
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based on the premise that the natural logarithm of Yi has a
normal distribution with the mean of μi and the variance of
σ2. It also ensures that Yi should expect to remain positive. In
this model, the relationship between the expected Yi and Xi
predictor variables is expressed as follows [30]:

ln Yi(  � βo + β1Xi1 + · · · + βqXiq, (3)

where Yi is the dependent variable, Xi’s are independent
variables, and βi are calibrating coefficients of the regression.
(e model was developed via the SPSS program.

According to Washington Department of Trans-
portation instructions, IRI< 2.5 is classified as very good-
quality roads. Model development was performed for other
ranges with good-quality roads (2.5< IRI< 3.5), fair-quality
roads (3.5< IRI< 5), and poor-quality roads (5< IRI< 8).
Exponential regression analysis was performed between IRI
as the independent variable and PCI as the dependent
variable. Based on R2 values, there was a very good rela-
tionship between PCI and IRI. However, PCI was over 100 in
a very small range of IRI. (e relations are as follows:

PCI � 4.915 − 0.1126 IRI for 2.5< IRI< 3.5,

R
2

� 0.75,

R
2
adj � 0.74,

(4a)

PCI � 6.038 − 0.438 IRI for 3.5< IRI< 5,

R
2

� 0.76,

R
2
adj � 0.75,

(4b)

PCI � 5.54 − 0.332 IRI for 5< IRI< 8,

R
2

� 0.59,

R
2
adj � 0.58,

(4c)

in which IRI (m/km) is the international roughness index
and PCI is the pavement condition index. In this model, all
R2 values are more than 0.59 and the adjusted R2

adj values are
more than 0.58, demonstrating a good relationship between

IRI and PCI.(e F value of the model in the ANOVA table is
acceptable, and the assumption of the linearity of the relation
between IRI and LnPCI is valid. In addition, the significant P

value for this model is high (P< 0.0001). Table 3 lists the
statistical information for three equations.

4. Model Validation

It has already been mentioned that 30% of the randomly
selected data points were kept aside for the validation of the
model. Furthermore, the predicted and observed values of
PCI were statistically compared, and absolute percentage
deviations (APDs) were calculated for each stretch using
equation (5) to determine the robustness of the model.

APD �
[Observed(PCI) − Predicted(PCI)]

Observed(PCI)
× 100. (5)

Using the APD of all the stretches, the mean absolute
percentage deviation (MAPD) between the observed PCI
and the predicted PCI was calculated. (e absolute per-
centage of deviation was very high in most cases. MAPD was
found to be 5.3%, 4.7%, and 10.1% for equations (4a)–(4c),
respectively, which is acceptable.

However, in a few cases, the deviations were high. (e
variations in the observed and calculated values in a few
isolated cases may be attributed to various reasons including
the fact that some of the parameters used for calculating PCI
were not considered in calculating IRI. To validate the
model, a plot was also drawn for the predicted pavement
condition values as ordinates and the observed pavement
condition as abscissa, as shown in Figure 5. A 45° line was
drawn to see the distribution of plotted points on either side
of the ideal line. Based on Figure 5, it can be observed that
the majority of the points are close to the line.

Table 4 presents a summary of the t-test results which
compared the average observed PCI (PCIO) with the average
predicted PCI (PCIP). (e significance is more than 0.05.
(erefore, it can be deduced that the averages of the pre-
dicted and observed PCI do not have a significant difference.

Table 1: Kolmogorov–Smirnov test results for PCI normal distribution.

IRI range Observed parameter
Kolmogorov–Smirnov

Statistic df Sig.
2.5–3.5 PCI 0.098 2548 0.145
3.5–5 PCI 0.069 545 0.178
5–8 PCI 0.057 480 0.217

Table 2: Range of international roughness index and pavement condition index and associated parameters.

IRI range Observed parameter Number of sections Unit Mean Min. Max. Std. D.

2.5–3.5 PCI 2598 — 97.51 86.49 99.48 3.21
IRI 2598 m/km 2.97 2.53 3.47 0.26

3.5–5 PCI 545 — 68.31 44.25 89.48 16.04
IRI 545 m/km 4.14 3.51 5.00 0.46

5–8 PCI 480 — 36.75 4.14 51.34 22.37
IRI 480 m/km 5.82 5.00 8.01 1.16
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Figure 5: (a) Plot between predicted and measured PCI due to IRI, equation (4a). (b) Plot between predicted and measured PCI due to IRI,
equation (4b). (c) Plot between predicted and measured PCI due to IRI, equation (4c).

Table 4: T-test results for predicted and observed pavement condition index.

IRI range

Paired differences∗

t df Sig. (2-tailed)
Mean Std. deviation Std. error mean

95% confidence
interval of the
difference

Lower Upper
2.5–3.5 PCIO–PCIP −0.244 1.15 0.081 −0.40 −0.08 −2.98 779 0.483
3.5–5 PCIO–PCIP 0.070 1.37 0.10 −0.13 0.27 0.67 163 0.499
5–7 PCIO–PCIP −0.085 1.41 0.09 −0.26 0.09 −0.92 144 0.357
∗PCIO, observed pavement condition index; PCIP, predicted pavement condition index.

Table 3: ANOVA for regression and parameter estimates with one predictor variable.

Model Sum of squares df Mean square F P value R-Sq Adj R-Sq

a
Regression 1.546 1 1.546 5341.007 0.0001 0.75 0.74
Residual .526 1817 0.000
Total 2.072 1818

b
Regression 15.225 1 15.225 1195.996 0.0001 0.76 0.75
Residual 4.837 380 0.013
Total 20.062 381

c
Regression 49.485 1 49.485 478.941 0.0001 0.59 0.58
Residual 34.510 334 0.103
Total 83.995 335
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5. Analysis of Results

As mentioned in model development, the relationship be-
tween IRI and PCI was classified into 3 classes. In some
ranges, there was a strong relationship between the two
variables that were selected to develop the model. In the
presented model, PCI was approximately 100 in IRI� 2.5
(equation (4a)). It was 91.9 and 90.5 in IRI� 3.5, using
equations (4a). and (4b), respectively. (erefore, in
2.5< IRI< 3.5, road quality was excellent based on the ASTM
D6433 [20] standard and has the least surface failures. PCI
varied between 90 and 47 in 3.5< IRI< 5, i.e., the pavement
condition was very good, good, and fair. PCI variation was
between 47 and 25, i.e., fair and poor conditions in 5<IRI<8.

According to R2 and validation results, the accuracy of
equation (4c) was less than the other equations. It can be
seen that as road surface distresses increased, the relation
between IRI and PCI weakened, probably caused by the
increase in failures which have a low impact on roughness as
well as the increased effectiveness of parameters that are not
considered in model development.

In some ranges, there was no acceptable relation between
PCI and IRI. In the collected data in this study, the majority
of corresponding PCIs with IRI< 2.5 were 100. Hence, it was
not necessary to develop a model in 1< IRI< 2.5.

In addition, placing IRI� 7 in equation (5), PCI was
approximately 25. (erefore, roads with IRI> 7 had a
PCI< 25 which is a weak condition, and the relationship
between IRI and PCI was not reasonable because pavement
profiles require major rehabilitation activities or recon-
struction. Figure 6 illustrates the overall range of the model
IRI values and the predicted PCI based on Shahin’s PCI
classification [2].

Equations (4a)–(4c) and other reviewed equations were
compared and are graphically shown in Figure 7. In each
model, PCIs were different in the same IRI. For example,
when IRI� 2.5, PCI is 7, 56, and 100 in study by Dewan and
Smith [17] (equation (1)), study by Park et al. [18] (equation
(2)), and the present model (equations (4a)–(4c)), respec-
tively. (e R2 values of various models have been shown
according to Figure 7. (e significant point is that most of
the models are logarithmic and the difference between the
models of the present study with other researchers is in the
different range of obtained IRI. (ese values have a con-
siderable difference. Probable reasons for the difference in
the diagrams are listed as follows:

(1) Different road type classification: in two other
studies, long-term pavement performance (LTPP)
data which belong to highways and freeways were
utilized, while in this study, data were collected from
multiple-lane rural roads.

(2) (e difference in road construction quality in dif-
ferent countries: construction quality is based on
equipment, materials, machinery, and construction
standards such as acceptation limit for minimum
quality of newly constructed roads.

(3) Failure type of pavement in every region can be
another reason for this issue. for instance, failures

including bleeding, weathering, and even alligator
cracking with a low severity can affect PCI calcu-
lation, while they have a very low impact on lon-
gitude profile roughness.

(4) In addition, as mentioned in the literature review, the
ranges of IRIs are very limited in two other studies,
and further analysis is required for wider ranges of IRI.

6. Conclusions

In order to facilitate decision-making in road pavement
maintenance and rehabilitation and cost reduction, the
present study was conducted to develop a relationship
between two of the most important pavement quality
evaluation indices, IRI and PCI. (e model was based on
field database information collected from 6000 pavement
sections of 600 km of rural road network in Fars Province,
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Iran. PCI considering 15 different types of pavement failure
and IRI were calculated as can be seen in the Data Col-
lection section. (e database included a wide range of IRI
from 1 to 8. (erefore, three different ranges were estab-
lished based on IRI values and a unique relationship was
achieved for each interval. (e major findings of this re-
search are as follows:

(1) (e exponential regression model had the highest
correlation and the least error in comparison with
linear and logarithm models for the selected AC-
pavement rural roads. (erefore, exponential re-
gression is the best model to relate IRI and PCI.

(2) Based on the results, R2 values were found to be
acceptable, equal to 0.75, 0.76, and 0.59 for roads
with good, fair, and very poor qualities, respectively.
(e obtained equations developed a good relation-
ship between IRI and PCI. Furthermore, validation
results showed that the model has a high accuracy.

(3) According to R2 and validation results when the level
of road surface roughness increases, the relation
between IRI and PCI becomes weaker, which can be
caused by the increase in the number and severity of
failures.

(4) In the studied roads, two failures of rail R.C. and
rutting were rarely observed. (erefore, the pro-
posed model is more useful for roads without the
mentioned failures and asphalt-pavement rural road
network.

(5) (e developed model is practically applicable.
However, applying this relation is recommended in
local roads. It must be applied to others with caution
because of different construction, road classification,
and climatic conditions.

(6) We suggest that more variables other than IRI be
employed for predicting PCI in the future. Fur-
thermore, similar relationships can be obtained for
different classification roads. Also, other machine
learning techniques can be provided to be incor-
porated into the proposed approaches to obtain
more accurate results [31–33].
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