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Abstract—This paper presents an approach for the
detection of highway guardrails using camera-based
systems and advanced machine learning techniques.
The proposed methodology combines feature extrac-
tion with Convolutional Neural Networks (CNN),
specifically MobileNetV2, ResNet18, and VGG16, and
clustering algorithms applied to these features. The
effectiveness of the models is evaluated through clus-
tering and classification metrics, with a particular em-
phasis on using the Gaussian Mixture Model (GMM)
for forming more cohesive and well-separated clusters
compared to K-means. The results indicate that the
combination of ResNet18 with GMM provides high
accuracy in distinguishing between concrete and metal
guardrails, outperforming other tested combinations.
This study contributes to the advancement of au-
tomatic guardrail detection on highways, providing
insights for applications in road asset management.

Index Terms—Clustering, Representation Learning,
Object Detection, Road Management

I. INTRODUCTION

Artificial Intelligence (AI) models are developed
to solve complex and/or repetitive tasks, with train-
ing approaches tailored to the specific problem at
hand, typically through supervised or unsupervised
learning. Supervised training is particularly critical
for object detection, as it requires a well-curated
dataset of labeled examples that reflect diverse
conditions, including variations in angles, lighting,

and other relevant factors [1]. This comprehensive
dataset ensures the model can generalize effectively
across different scenarios.

Challenges like concept drift can degrade clas-
sifier performance over time, and training often
requires large volumes of manually labeled data
[2]. In contrast, unsupervised learning provides a
valuable alternative, as it doesn’t rely on labeled
data, and is especially useful when labels are hard
to obtain. Moreover, unsupervised algorithms like
Gaussian Mixture Models (GMM) are capable of
addressing concept drift [3].

Guardrails are essential for road safety, acting
as protective barriers that prevent vehicles from
leaving the roadway and reduce the severity of
accidents, particularly on highways, bridges, and
areas with steep drop-offs or sharp curves. They
come in various forms, such as concrete barriers,
which offer high durability and strength for high-
speed traffic, and metal guardrails, which provide
flexibility to absorb impact and minimize the force
transferred to vehicles. The proper classification and
monitoring of guardrails are vital for infrastructure
management, ensuring that the appropriate type is
used and maintained in optimal condition [4].

Advanced Machine Learning (ML) methods for
guardrail classification can enhance the accuracy



and reliability of these safety measures, leading to
better-maintained roads and a reduction in accident-
related fatalities and injuries. Clustering features
learned by an encoder helps in organizing and
understanding complex data representations. This
approach not only facilitates the discovery of intrin-
sic structures and subclasses within the dataset but
also enhances the performance of subsequent tasks
such as classification or object detection. Effective
clustering reduces the need for extensive manual
labeling by enabling automated grouping of similar
objects [5], [6].

This study proposes a method to evaluate en-
coders that learn representations of concrete and
metal guardrails on highways using a diverse
database. We consider a baseline approach using
K-means and an alternative approach based on
GMM. The GMM approach is particularly effective
in detecting more complex patterns under varying
environmental conditions, such as different lighting
and overlapping objects, thereby ensuring reliable
performance in real-world scenarios. This evalua-
tion aims to enhance the robustness and accuracy
of guardrail material classification, contributing to
improved infrastructure monitoring and safety.

The paper is organized as follows: Section 2
reviews related work. Section 3 details the materials
and methods for guardrail detection, including data,
encoders, clustering algorithms, and evaluation met-
rics. Section 4 presents the results and Section 5
concludes with suggestions for future research.

II. RELATED WORK

Recent works combine deep representation learn-
ing with clustering methods for image clustering.
The methods [7], [8] first learn deep features from
input data, and then perform clustering on the
learned features in the feature space, in separate
two steps. The literature highlights dissimilarities in
object embeddings, with Lang et al. [9] exploring
hyperbolic embeddings for object detection using
keypoint-based and transformer-based methods to
enhance classification and localization accuracy.

As Gumaelius cites [4], guardrail detection is
becoming increasingly requested, focusing on user
navigation safety on highways. Therefore, there are

various methods for detecting and mapping these
objects using different approaches, such as cameras,
radar, and LiDAR. In the study by Zhu et al. [10],
a system was developed for guardrail detection
using images captured by cameras on intelligent
vehicles. The method employed involved modeling
the guardrails by dividing them into models for the
right and left sides, considering transverse distance,
the distance to the right and left guardrails, as well
as the slope and curvature. Subsequently, directional
filters were applied, and finally, object detection
was performed. This system was able to accurately
detect guardrails on both sides in curves.

In the study by Kim and Song [11], a hybrid
method was used that employed both radar and
LiDAR to identify the drivable area through the
detection of guardrail and curb reflections. For this,
radar sensors and a monocular camera were used,
dividing the process into four stages: region of inter-
est selection, where road barriers act as delimiters;
radar-based estimation; and the remaining stages
of clustering and selection were performed with a
series of calculations to obtain these estimates.

As mentioned by Gumaelius [4], data collected
with LiDAR are frequently used for object de-
tection and tracking. LiDAR-based approaches are
advantageous in as it allows for the acquisition of
both the distance of each point and measurement
uncertainties. In [12], the authors performed real-
time guardrail detection and tracking by creating
a database with LiDAR, processing these data
with specific regions of interest (ROIs). To detect
guardrails, relevant features were extracted from the
dataset, followed by clustering, and then temporal
similarity and dissimilarity scoring methods were
applied to verify whether it was a guardrail and
whether it remained the same over time or was
replaced by another.

Although LiDAR-based systems excel in obstacle
avoidance for autonomous cars, they may not be
well-suited for maintenance applications that de-
mand precise recognition of assets composed of var-
ious material types, requiring differentiation based
on reflectivity and texture. Furthermore, these sys-
tems may have difficulty detecting small or partially
obscured objects, which are frequently encountered



in intricate maintenance environments [13].
The proposed approach aims to use RGB camera

images to detect guardrails and extract features to
determine their material, which can be concrete or
metal. This approach is designed to leverage image
processing techniques and ML algorithms to accu-
rately classify the material type. By analyzing visual
characteristics such as texture, color, and shape, the
system can distinguish between concrete and metal
guardrails, enabling more precise assessments for
infrastructure monitoring and maintenance.

III. MATERIALS AND METHODS

A. Proposed approach

Figure 1 shows the system workflow. The images
of guardrails were captured by a Ladybug5+ 360
camera mounted on a car, using only images from
the lateral views of the highway. The dataset is
constituted of 3,110 images. The data labeling was
performed manually, ensuring that each image was
properly tagged with the corresponding class: metal
guardrail (Figure 2), concrete guardrail (Figure 3),
or background.

Within this dataset, 92 images of metal guardrails
and 55 images of concrete guardrails were clustered
(≈ 5% of the dataset). After clustering guardrails
into two different groups, a YOLOV8n [14] model
was trained on this new dataset, with 80% of the
remaining dataset used for training and 20% for
testing.

This study only considered pre-trained encoders
to perform feature extraction. With the encoded
images, a clustering algorithm was employed to
allocate the images into groups corresponding to
the number of defined classes. Images were moved
to a folder corresponding to their cluster, with labels
changed from 0 to concrete guardrails and 1 to
metal guardrails. This process facilitated the organi-
zation of test images according to the classification
performed by the model. A supervised analysis
was performed to verify the effectiveness of the
generated clusters in labeling the true labels of
the images. The experiments were conducted using
an Intel Xeon W7-2495X processor, an NVIDIA
GeForce RTX A5500 GPU, and 128GB of RAM.

B. Image Encoding Process

Let I ∈ RH×W×C represent an input image,
where H is the height, W is the width, and C is
the number of channels. The encoder is a function
fθ, parameterized by θ, that maps an input image Ii
to a feature vector zi in a high-dimensional feature
space:

zi = fθ(Ii), for i = 1, 2, . . . , n (1)

The set of all encoded features can be represented
as:

Z = {z1, z2, . . . , zn} (2)

Here, Z is the collection of feature vectors, each
zi ∈ Rd, where d is the dimension of the feature
space. The dimensionality d was reduced to 50
using PCA.

The evaluated encoders include VGG16 [15],
MobileNetV2 [16], and ResNet18 [17]. For these
architectures, the implementations provided by Py-
Torch [18] were utilized.

C. Clustering the Encoded Images

The clustering algorithm is then applied to Z to
partition the feature space into k clusters. Let C =
{C1, C2, . . . , Ck} represent the clusters, where each
cluster Cj contains a subset of the feature vectors:

Cj = {zi : i ∈ Ij}, for j = 1, 2, . . . , k (3)

Here, Ij is the index set of the data points that
belong to cluster Cj . For K-means clustering, the
goal is to minimize the within-cluster variance,
defined as:

min
C

k∑
j=1

∑
zi∈Cj

∥zi − µj∥2 (4)

where µj is the centroid of cluster Cj , calculated
as:

µj =
1

|Cj |
∑

zi∈Cj

zi (5)



Fig. 1: Overview of the system workflow

Fig. 2: Example of a
metal guardrail.

Fig. 3: Example of a
concrete guardrail.

For Gaussian Mixture Model (GMM) clustering,
the goal is to maximize the likelihood of the data
under the model, where each cluster is modeled as
a Gaussian distribution:

p(zi) =

k∑
j=1

πjN (zi | µj ,Σj) (6)

Here, πj is the mixing coefficient for the j-th
Gaussian component, µj is the mean vector, and
Σj is the covariance matrix of the j-th component.

D. Performance metrics

The goal of the proposed approach is to as-
sess how the quality of clustering in the en-
coded guardrail dataset affects the classifier’s per-
formance. Thus, three metrics that are widely used
in practice to evaluate clustering performance were
adopted [19], [20]:

1) Clustering:
• The Silhouette Index for a point i is defined

as (the higher, the better.):

S(i) =
b(i)− a(i)

max{a(i), b(i)}
(7)

where:
– a(i) is the average distance from i to

points within the same cluster.
– b(i) is the minimum average distance from

i to points in the nearest other cluster.
The Silhouette Coefficient for a set of samples
is given as the mean of the Silhouette Coeffi-
cient for each sample.

• The Calinski-Harabasz Index is calculated as
(the higher the better):

CH =
trace(Bk)

trace(Wk)
× N − k

k − 1
(8)

where:
– Bk is the between-cluster dispersion ma-

trix.
– Wk is the within-cluster dispersion matrix.
– N is the total number of points.
– k is the number of clusters.

• The Davies-Bouldin Index is given by (the
lower the better):

DB =
1

k

k∑
i=1

max
j ̸=i

(
σi + σj

d(µi, µj)

)
(9)

where:
– σi is the dispersion within cluster i.
– d(µi, µj) is the distance between the cen-

troids of clusters i and j.



2) Classification: The following metrics for im-
balanced datasets was adopted:

Precision =
TP

TP + FP
(10)

where:
• TP (True Positives) are the correctly predicted

positive cases.
• FP (False Positives) are the incorrectly pre-

dicted positive cases.

Recall =
TP

TP + FN
(11)

where:
• FN (False Negatives) are the actual positive

cases that were incorrectly predicted as nega-
tive.

By plotting precision against recall at various
threshold levels, the Precision-Recall Curve (PRC)
provides insight into the trade-offs between these
two metrics, allowing for a more nuanced assess-
ment of the classifier’s ability to identify positive
instances.

IV. RESULTS

A. Clustering Results

The clustering metrics for K-means and GMM
across the three architectures are summarized in
Tables I.

TABLE I: Clustering Metrics Comparison for K-
means and GMM using MobileNetV2, ResNet18,
and VGG16

Metric MobileNetV2 ResNet18 VGG16

K-means
Silhouette Score 0.0820 0.0846 0.3444
Calinski-Harabasz Score 3.3339 2.8517 0.5157
Davies-Bouldin Score 12.1327 11.1420 2.9319

GMM
Silhouette Score 0.0568 0.2395 0.3053
Calinski-Harabasz Score 11.9591 47.1855 2.5644
Davies-Bouldin Score 2.6732 1.6534 0.5577

MobileNetV2: The GMM outperforms K-means
in Calinski-Harabasz and Davies-Bouldin Scores,
indicating better-formed clusters.

ResNet18: GMM consistently surpasses K-
means across all metrics, making it the better choice
for this architecture.

VGG16: Although K-means performs slightly
better in Silhouette Score, GMM shows superior
results in Calinski-Harabasz and Davies-Bouldin
Scores, suggesting it is preferable for most appli-
cations.

B. Classification Results

The classification results for the best and worst
algorithm and architecture and clustering combina-
tions are shown in Figure 4. The PRC evaluates
classification performance, showing that ResNet18
with GMM provides robust performance, especially
for concrete. Conversely, MobileNetV2 with K-
means, while performing well for metal, is less
effective for concrete. Thus, considering the eval-
uated dataset the encoder and clustering algorithm
combination may influence in the performance of a
downstream task, such as classification.

V. CONCLUSION

This work presented a method for highway
guardrail type detection using camera-based sys-
tems and advanced ML techniques. The adopted
methodology, which involved feature extraction
with CNN and clustering these features, proved
effective in distinguishing types of guardrails. By
utilizing models such as MobileNetV2, ResNet18,
and VGG16, it was possible to compare the efficacy
of different network architectures in clustering tasks
and evaluate the quality of the results obtained.

The results showed that the combination of fea-
ture extraction with the clustering algorithm can
significantly influence detection accuracy. Among
the evaluated models, VGG16 learned features that,
when clustered with GMM, achieved the best per-
formance in terms of Silhouette and Davies-Bouldin
indices, suggesting better cluster separation and
cohesion. Thus, GMM demonstrated superior ca-
pability in modeling clusters with more complex
structures, which may be particularly useful for
future detection improvements.

Future work will explore the integration of addi-
tional techniques, such as the use of anchor boxes



(a) Best Case: ResNet18 with GMM

(b) Worst Case: MobileNetV2 with K-means

Fig. 4: PRC for the best and worst architecture and
clustering combinations

and semantic segmentation, to further enhance de-
tection accuracy. Moreover, applying image genera-
tion models and masked image modeling techniques
could offer new advancements, as discussed by
Rakowski et al. [21] and Xie et al. [22]. The
incorporation of damage detection techniques and
the use of more sophisticated models, such as Mask
R-CNN [23], also hold promise for improving the
ability to identify and classify different types of
guardrails with greater precision.
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