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Abstract—This paper proposes a model based on YOLOVS to
detect black ice on the road surfaces.As black ice is responsible
for the frequent traffic accidents in winterit is very urgent
to identify and handle them correctly.To solve the problem of
recognition of black ice detection, the real-time object detection
system YOLOVS is used and addressed to improve the YOLOvVS
architecture. To train the neural network it used the data set
consisting of approximately 1307 images. Comparing with others,
it has achieved over 95% in accuracy.

Index Terms—Black ice,YOLOVS, deep learning.

I. INTRODUCTION

A particular kind of thin ice layer that develops on pave-
ments and roadways is known as black ice. It is easily
produced in damp places with low temperatures, particularly
in the shadow [1]. Due to its extreme transparency, which
allows for the ability to see through it the dark hue of the
road and the pavement it develops on, black ice gets its name.
It is translucent because it is so thin and mixes in with road
pavements, making it practically hard to notice. According to
research by the Korea Expressway Corporation, on black ice,
a roadster’s surface slides 14 times more than it would on dry
pavement and six times more than it would on snow-covered
roads [2]. Even in the period of development for autonomous
vehicles (AVs), black ice may be conceived of as a potential
accident component, hence it is anticipated that technology
that can identify it in advance and avoid accidents would be
needed [3].

Thousands of incidents, fatalities, and injuries have been
caused by black ice worldwide. Numerous accidents occur
each year, often with severe repercussions. In a sequence of
black ice incidents on the Korean highway between Sangju
and Yeongcheon in the winter of 2019, 44 automobiles were
damaged and seven people died. According to data from the
Ministry of the Interior and Safety of Korea, 5,042 vehicle
accidents brought on by ice roads and frost resulted in 9,420
fatalities between 2015 and 2019 [2]. These issues have made
it imperative to create technologies for detecting and prevent-
ing traffic accidents caused by black ice as well as protecting
the security of winter passengers. Since the advancement of
deep learning and computer vision, object detection has gained
significant prominence in a variety of fields. The goal of this
research is to find a solution by developing a deep learning-
based black ice detection algorithm concentrating YOLOVS.

One-stage and two-stage object detectors are the two main
categories into which object detection algorithms are currently
categorized. The R-CNN (region convolutional neural net-
work) [4]family, which includes the image segmentation tools
Fast R-CNN, Faster R-CNN, R-FCN (region fully convolu-
tional networks), and Mask R-CNN, are the most typical two-
stage object detectors. The most prominent one-stage object
detectors are the single-shot multi-box detectors (SSD), and
the YOLO (you only look once) series, including YOLOX [5].
YOLOVS, a one-stage object detector that relies on anchors, is
the foundation of the enhanced network structure shown in this
research. The model for YOLOVS is compressed and tailored
into four sizes: s, m, 1, and x, which is one of its advantages. It
is possible to use it for various applications, and the detection
accuracy is much increased when compared to other networks.

II. PROPOSED METHODOLOGY
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Fig. 1. Architecture of the proposed model

The architecture of the proposed model is illustrated in
Fig. 1. Two distinct datasets, including acoustic and picture
data, will be combined with the proposed model. However,
in this study, the emphasis was on image-based black ice
detection, and to enable this, an improved YOLO architecture
was employed. This section provides a detailed explanation of
the improved YOLO architecture. Even though it would take
an extensive explanation to go through the entire workflow
from data collection to preprocessing, it will be covered in a
subsequent article, leaving this one to focus merely on model
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improvement. The procedure for gathering data, including the
acquisition of data from acoustic sensors and infrared cameras
(IR), as well as how the two separate datasets may be utilized
to detect black ice, will also be covered in greater detail in a
subsequent article.

The model is being improved using YOLO v5 starting from
the feature extraction for large object detection model with bot-
tleneckCSP functioning as the baseline for feature extraction.
A sequence of 181 convolution replacement pooling layers and
3 * 3 layers are built to create the bottleneckCSP network. The
authors of this research [6] introduced the SPP-Net (spatial
pyramid pooling network) structure, which fixes the size of the
input images and can be tailored to any network configuration.
In YOLO v5, the SPP structure is made up of three branches:
5%5,9 %9, and 13 * 13. In order to transfer the feature
data to the network’s following layer, three branches will be
merged into one branch.

The intermediate layer of the architecture for multi-scale
feature fusion contains elements including feature pyramid
networks (FPN) and path aggregation networks (PAN), which
include four connection layers, four convolution layers, and
five CSP layers respectively. In this network model, there are
five feature fusions and a path aggregation network (PANet)
[7] structure that is an optimization of a feature pyramid
network (FPN) structure. P3, P4, P5, P6, and P7 are the
labels assigned to the initial data that was taken from the
network, and the modules P6 and P7 are added to the network.
A new feature fusion layer was added to create P6 and P7,
which make up the structure. This structure is known as the
multi-scale feature cross-layer fusion network (M-FCFN), and
it is a multi-scale, multi-feature, multi-fusion, and multi-box
detector. The M-FCFN is also known as the M-FCFN detector.

The feature maps are P3, P4, P5, P6, and P7 following
twice-upsampling and five feature fusion. The associated scale
sizes are (80 * 80), (40 * 40), (20 * 20), (10 * 10), and (5
*5). For output in detection, the feature maps from these
five different scales are employed. Each of those five scales
is designed with a distinct anchor size in order to fulfill
the goal of anticipating objects of various sizes. These five
scales correlate to the length of grids. Now, in order to create
a feature map with a dimension of (10 * 10), the model
combines the feature data from PS5 with the feature data
from the SPP layer. Furthermore, another feature map, P7,
measuring (5 * 5), is added to the P6 structure. The experiment
was repeated with the anchor sizes modified for P6 and P7
to obtain the results. Given the availability of the auto-anchor
mechanism, training takes priority over initial anchor size, and
the anchor sizes of P3, P4, and P5 are identical to those of
YOLOVS.

A. Performance Evaluation

The simulation outcomes of black ice detection are dis-
cussed in this section. Mean average precision (mAP), ac-
curacy, sensitivity (recall), and Fl-score are the performance
measures used to assess the model’s performance. To evaluate
the model, 1307 photos were obtained from a public dataset

TABLE I
PERFORMANCE RESULT OF THE PROPOSED MODEL
Metrics
Models mAP | Recall (%) | Fl-score (%) | FPS
Proposed Model | 95.4 91.7 93.1 168
YOLO v5 946 90.2 913 168

and divided into 70%, 20%, and 10% for training, testing, and
validation, respectively. Additionally, the dataset was divided
into three classes (dry, snowy, and wet) to train the object
detector and then supervise its learning via bounding box
annotations. Furthermore, the frame per second (FPS) was also
considered as an valuable impact features on the performance
results and the same FPS is considered for the proposed model
along with existing YOLOv5 model. The performance results
are illustrated in the table below.

III. CONCLUSION AND FUTURE WORK

This article presents the proposed model for black ice
detection, using YOLOvVS5 model as its foundation. The model
architecture is improved with feature extraction along with
bottleneck CSP at the initial stage. From the comparison with
YOLOVS, the proposed model produce better performance in
regards to accuracy, precision, and recall. In the future work,
other of machine/deep learning models will be investigated.
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