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1 | INTRODUCTION

Summary

Traffic accidents occur frequently in cold and snow- or ice-covered regions due
to weather changes that occur during the winter season. To detect the snow- or
ice-covered roads in road surface conditions, road surface images captured using
fixed-point cameras installed along the route are sufficient. This paper proposes a
snow- or ice-covered road detection method that uses the deep convolutional autoen-
coding Gaussian mixture model (DCAGMM) with structural similarity (SSIM). The
DCAGMM method, which is an unsupervised anomaly detection method, is unaf-
fected by imbalance in the training data. In addition, the end-to-end convolutional
neural network implemented in the DCAGMM enables the capture of the unique
characteristics of the road surface images. Finally, by reconstructing the input im-
ages as normal images, the comparison of the input and reconstructed images enables
identification of snow- or ice-covered road areas without requiring pixel-level an-
notations. Furthermore, the road surface images include complex characteristics for
reconstruction, and the SSIM-based reconstruction error allows us to preserve the im-
age quality of the reconstructed image. Experimental results obtained on real-world

road surface images demonstrate the effectiveness of the proposed method.

KEYWORDS:
Winter road surface conditions, anomaly detection, deep learning, Gaussian mixture model, convolutional

neural network, structural similarity.

due to changing winter weather conditions. In addition, it has
been reported that approximately 90% of winter accidents are

Snow and ice on roads cause unpredictable traffic accidents,
and drivers have no control over their vehicles in such ac-
cidents. Road damage detection and classification methods
have been studied to protect drivers from accidents (Maeda,
Kashiyama, Sekimoto, Seto, & Omata|[2021; Maeda, Seki-
moto, Seto, Kashiyama, & Omatal2018}; [Saha, Arya, & Seki-
moto[2024); however, these studies are not applicable to roads
covered by snow or ice. Thus, the another study on the pre-
vention of snow and ice on roads is necessary. In Japan, cold
and snow- or ice-covered regions account for approximately
60% of the land area, and traffic accidents occur frequently

slip accidents caused by the snow or ice on the road surface,
such as freezing and snow accumulation (Nakai et al.|[2019).
Under these circumstances, as one way of preventing slip acci-
dents, snow removal and applying antifreeze are implemented
after detecting the snow- or ice-covered roads in road surface
conditions (Nakai et al.|2019). The process of treating snow
or ice is summarized as follows: First, road managers deter-
mine whether treatments are required. If the risks associated
with winter road surface conditions are increasing, the target
roads are closed and vehicles are not permitted to pass. Dur-
ing this closure period, the treatments, e.g., snow removal and
antifreeze applications, are performed to reduce risk of the
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road surface conditions. Snow- or ice-covered road detection
has been studied under such circumstances to avoid missing
the timing of the closure. In particular, when targeting high-
ways, an early decision on whether the road surface is at risk
is required, and this paper focuses on such highways.

Several previous studies have investigated the classifica-
tion of road surface conditions for snow- or ice-covered road
detection (Ohiro, Takakura, Sakuraba, Hanatsuka, & Hagi-
wara [2019; Saida et al.|[2016; Uchida, Gotou, & Okamoto
2000; |[Yamada, Tanizaki, Ueda, Horiba, & Sugie|[2000). In
a previous study (Saida et al.[2016)), road surface conditions
were detected using the heat balance theory based on digital
geographical data; however, this study required digital geo-
graphical data for all routes to be analyzed, and it is difficult
to collect such data. In another study (Uchida et al. |2000),
road surface conditions were detected using data acquired from
fixed-point cameras and sensors installed along the route. In
addition, in one study (Yamada et al.|2000), detection methods
were developed using a subtractive method based on road sur-
face images acquired using fixed-point cameras installed along
the route and climate information. However, with the subtrac-
tive method, the reference image must be updated manually
because the road surface conditions and roadside objects may
change. Thus, a method that can classify road surface images
without manual labor is required to detect road surface con-
ditions efficiently. From a different perspective, the vibration
waveform obtained from acceleration sensors installed on the
surface of tires on snow and ice patrol vehicles can be used to
classify the road surface conditions (Ohiro et al.[2019). How-
ever, this method requires a snow and ice patrol vehicle to
pass through the target route. Thus, the remaining challenge
is constructing a model that can classify road surface images
automatically based on only visual information obtained from
fixed-point cameras. In addition, the classification results are a
poor rationale for decision making. Thus, in addition to classi-
fication results, it is expected to make more informed decisions
using the knowledge and experience owned by road managers
by presenting possible areas of snow or ice.

With the advancements of deep learning technologies (Le-
Cun, Bengio, & Hinton|[2015), image processing techniques
have progressed considerably and made significant contribu-
tions in many tasks. For example, deep convolutional neural
networks (CNN), which are a type of deep neural network,
can be used to improve the accuracy of image classifica-
tion (Krizhevsky, Sutskever, & Hinton|2012; Rawat & Wang
2017} |Sultana, Sufian, & Dutta|2018)) and semantic segmenta-
tion (Garcia-Garcia, Orts-Escolano, Oprea, Villena-Martinez,
& Garcia-Rodriguez [2017; |Hao, Zhou, & Guo 20205 |Si-
monyan & Zisserman|2014) for natural images by extracting
features that are suitable for each task automatically. In fact,
the applications of deep learning are wide-ranging and have

produced remarkable results in various research fields (Rafiei
& Adeli2016; Rafiei, Khushefati, Demirboga, & Adeli[2017;
Ruiz, Diaz, Gonzalez, & Cavas|2023; |Urdiales, Martin, &
Armingol||2023). To train CNNs, sufficient training data are
required for each class to realize effective image classification
results, and pixel-level annotations are required to perform se-
mantic segmentation. However, to classify images related to
real-world applications, e.g., road surface images, the amount
of available training data for each class may be insufficient. In
addition, to assign pixel-level annotations to images from real-
world applications, we cannot use crowdsourcing services,
e.g., Amazon Mechanical Turkﬂ because expert knowledge
is required, and a sufficient amount of training data with
pixel-level annotations may not be prepared.

For snow- or ice-covered road detection in road surface
conditions, labels (e.g., dry and sherbet) assigned to road sur-
face images can be imbalanced in the training data, which
means that there is bias in the data distribution. Such a bias
is well-known to lead to accuracy limitations; however, we
cannot control the distribution in road surface conditions due
to the weather conditions. Thus, a method that can treat the
imbalance in training data is required to detect the snow- or
ice-covered roads in road surface conditions. In addition, dif-
fering from natural images that are generally used for image
classification tasks in the computer vision field, road surface
images exhibit unique characteristics. Thus, a mechanism that
can capture the characteristics that are specific to road surface
images is required for an effective detection method. Further-
more, the important tasks include identification of snow- or
ice-covered road areas in the road surface images in addition
to the classification of the road surface images. However, as
mentioned previously, we cannot apply a semantic segmenta-
tion technique based on machine learning due to the difficulty
associated with pixel-level annotation. In summary, the re-
quirements for an effective deep learning-based method that
uses road images are as follows.

Requirement 1)

Treatment of imbalance in training data

Requirement 2)

Capturing the image representations of road surface images
Requirement 3)

Identification of snow- or ice-covered road areas in images
without pixel-level annotation

This paper proposes a snow- or ice-covered road detec-
tion method in winter road surface conditions that uses deep
anomaly detection based on a deep neural network. Anomaly
detection, which is a major task in the machine learning field,
attempts to detect anomaly samples that deviate from the dis-
tribution of normal samples. General deep learning methods

'https://www.mturk.com/
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tend to learn the characteristics of images belonging to the
class with the largest number of samples if the number of sam-
ples in each class is imbalanced. In addition, anomaly detection
methods are trained on only normal samples, and the difference
from the distribution of normal samples is calculated as the
abnormality when abnormal samples are input. Specifically, in
this paper, road surface conditions that allow for safe driving
are considered the normal conditions, and the anomaly detec-
tion method is trained using road surface images belonging to
normal conditions.

For anomaly detection, we propose the use of deep convo-
lutional autoencoding Gaussian mixture model (DCAGMM)
based on the DAGMM (Zong et al|2018), which is an
existing anomaly detection method. The DCAGMM com-
prises two networks, i.e., a deep convolutional autoencoder
(DCAE) (Masci, Meier, Ciresan, & Schmidhuber| 2011) for
image reconstruction and a GMM for abnormality calcula-
tion. Unlike the DAGMM, the DCAGMM adopts the DCAE
rather than the autoencoder (AE) in the DAGMM to compress
the input image. The DCAE allows the DCAGMM to cap-
ture unique image characteristics from road surface images,
even though road surface images are inherently different from
those of natural images. Note that such an encoder-decoder
structure has also been used in a previous study on road mod-
eling (F. Wang, Chen, Wijnands, & Guo|[2020). Applications
of DAGMM and DCAGMM have been realized in the medical
and materials science fields (Togo, Saito, Ogawa, & Haseyama
2019; Togo, Watanabe, Ogawa, & Haseyama [2020), and the
results have demonstrated that the DAGMM and DCAGMM
can handle the characteristics of the data in a specific field ef-
fectively. Note that the images used in these previous studies
were grayscale images (Togo et al.|20192020). In contrast, the
current study considers color images. The information in color
images is more complex than that of grayscale images, and
the reconstruction network may overlook detailed characteris-
tics. Consequently, the output image is blurred, and its details
are unclear; therefore, the quality of the reconstructed image
may be degraded even if the model detects abnormal samples
successfully. Research in other fields has required successful
anomaly detection; thus, the quality degradation of the recon-
structed image is acceptable (Togo et al.2019/2020). However,
we must satisfy requirement 3 and cannot accept such im-
age quality degradation. In fact, pixel-level detection has been
conducted in previous studies on crack detection (J. Chen
& He||2022; |Siriborvornratanakul| [2023; |A. A. Zhang et
al.| 2022)) in addition to the bounding box-based detection
method (C. Zhang, Chang, & Jamshidi[2020).

In the flow of DCAGMM, the encoded values and recon-
struction error are used as the low-dimensional representation.
Then, to improve the quality of the reconstructed image, we
add the structural similarity (SSIM) (Z. Wang, Bovik, Sheikh,

& Simoncelli2004) as the reconstruction error, whereas the
original DAGMM simply calculates the L2 distance. The re-
construction error based on the per-pixel L2 distance fails to
find structural discrepancies between the original and recon-
structed images when the respective pixel values are roughly
consistent. Thus, by introducing the SSIM into the DCAE-
based reconstruction network, we can evaluate the perceptual
similarity that is less sensitive to edge information and cap-
ture interdependencies between the local pixel areas based on
statistical analysis. Thus, SSIM can improve the accuracy of
DCAE-based anomaly detection (Bergmann, Lowe, Fauser,
Sattlegger, & Steger|2018)). As discussed previously, road sur-
face images have more complex characteristics than images
used in other fields, which can lead to quality degradation in
the reconstructed images. For accurate identification of snow-
or ice-covered road areas in images without pixel-level annota-
tion, we add the SSIM to the reconstruction error and preserve
the image quality of the reconstructed images.

The proposed method is an end-to-end model that uses
images as input to capture unique characteristics from road
surface images that are inherently different from general nat-
ural images. Thus, the proposed method is expected to realize
highly accurate anomaly detection of road surface conditions.
The following properties allow the proposed method to satisfy
the above requirements.

Property 1)

We use only normal images for training; thus, the proposed
method is unaffected by imbalance in the training data.
Property 2)

The proposed method adopts an end-to-end training process
from the input images to capture the image representations of
the road surface images effectively.

Property 3)

By reconstructing the input images as normal images, the
comparison of the input and reconstructed images enables
identification of snow- or ice-covered road areas without re-
quiring pixel-level annotations.

The reconstructed image can be generated as a normal image
even if the input image is an abnormal sample. In addition,
the difference between the input and reconstructed images may
identify snow- or ice-covered road areas, as shown in Fig. [T]
Thus, the proposed method realizes snow- or ice-covered road
detection in winter road surface conditions with less man-
ual labor using the DCAGMM with only normal road surface
images.

The primary contributions of this study are summarized as
follows.

e An effective anomaly detection model is newly con-
structed to detect snow- or ice-covered roads existing in
road surface images.
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Figure 1 One of the main contributions of the proposed
method. The proposed method generates the reconstructed im-
age from the input image as a normal image even if the input
image is abnormal. By calculating the structural discrepancies
between the original and reconstructed images, the proposed
method can identify snow- or ice-covered road areas in the in-
put image without pixel-level annotations given by experts.

e The differences between the reconstructed and input im-
ages are used to realize sufficient explainability of the
detection results without requiring pixel-level annota-
tions.

e Experimental results obtained using real-world road sur-
face images demonstrate the effectiveness of the pro-
posed detection method for road surface images.

2 | ROAD SURFACE IMAGES

Road surface images are acquired using fixed-point cameras
installed along the road route. This study attempts to detect
abnormal road surface conditions and identify snow- or ice-
covered road areas using only road surface images. Thus, it is
essential to determine whether the road surface condition is
abnormal and where the snow- or ice-covered road areas are
located. Note that the target area is only the driving part in the
road surface image, and more than half of the area in the image
is unrelated to the target area, e.g., objects along the roadside
or the road not for driving. In addition, the driving part is the
area that is considered the background in natural images rather

than the main object, e.g., an apple or a cat in natural im-
ages. This makes it more challenging to detect abnormal road
surface conditions from images. Therefore, road surface im-
ages possess unique characteristics, and we must discover the
changes in the driving parts using road surface images.

There are two main types of road surface images, i.e., im-
ages captured from the far field (Fig. [2) and those captured
from the near field (Fig. [3). In addition, the labels assigned
to road surface images differ in many cases. For example, the
“dry,” “sherbet,” and “snow” labels are assigned to road sur-
face images captured from the far field, as shown in Fig.[2] and
the “dry,” “wetness,” “black sherbet,” “white sherbet,” “fallen
snow,” “freeze,” and “compacted snow” labels are assigned to
road surface images captured from the near field, as shown in
Fig.[3] These road surface images were classified and labeled
by experienced road managers from the East Nippon Express-
way Company Limited, and they divided the annotation task
and assigned the labels through a visual inspection process. It
is well-known that the generalization ability of deep learning
models, e.g., CNNs, is improved by training with a variety of
images; thus, it can be effective to use various road surface im-
ages acquired at different angles or those that show different
routes, as shown in Fig. EI Under these circumstances, we di-
vide the road surface images into “abnormal” or “normal” such
that various road surface images with different types of labels
can be used in the same learning process. The number of nor-
mal road surface images is considered to be much larger than
that of the abnormal ones due to the effects of weather changes.
This implies that anomaly detection, which detects abnormal
samples among many normal samples, is suitable for various
road surface images.

Thus, the proposed method can capture the unique charac-
teristics of road surface images due to the CNN-based feature
extraction module with end-to-end training. As training im-
ages, we use various road surface images and realize sufficient
robustness to different view angles and routes.

3 | PROPOSED ANOMALY DETECTION
METHOD

In this section, we describe the proposed detection method
based on DCAGMM with SSIM for road surface images in de-
tail. Figure [5] shows an overview of the proposed method. In
the DCAGMM, we introduce convolutional layers and SSIM-
based loss into the DAGMM (G. Huang, Liu, Van Der Maaten,
& Weinberger| |2017), i.e., the unsupervised anomaly detec-
tion method. We train the DCAGMM using only normal road
surface images, and the proposed method can detect abnor-
malities and identify snow- or ice-covered road areas if the
abnormal road surface image is input in the test phase. The
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Figure 3 Additional examples of road surface images and corresponding labels.

Figure 4 Examples of road surface images taken at various angles or reflecting various routes. (a) and (b) are taken at various

routes; (a) and (c) are taken at various angles.

proposed method comprises the DCAE-based compression
network (Section[3.1)) and the GMM-based estimation network
(Section [3.2). Note that the compression and estimation net-
works are trained simultaneously using the objective function
discussed in Section

3.1 | Compression Network

In the following, we explain the compression network, which
is employed to perform the dimension compression and re-
construction of the input images. In addition, the proposed
method incorporates the DCAE (Masci et al|[2011)), which
comprises an encoder Enc(-) and decoder Dec(-) composed of
convolutional layers as the compression network. The encoder
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Figure 5 Overview of the proposed method. The proposed method performs anomaly detection based on the DCAGMM with
the compression and estimation networks. These networks are optimized simultaneously to realize end-to-end training.

compresses images and calculates the visual features v € R%
(where d,, is the dimension of the visual features) from the
input road surface image X as follows:

v = Enc(X;6,,,), (1)

where 6, is the set of training parameters in the encoder. Note
that the pixel values of road surface image X is transformed
to [0,1]. Then, to obtain the visual features, including suffi-
cient information to represent the input image X, the decoder
calculates the reconstructed image X' as follows:

X' = Dec(v; 0,,.), )

where 0, is the set of the training parameters in the decoder.
In addition, the DCAGMM extracts the low-dimensional rep-
resentation features z € RY: (where d, represents the di-
mensions of the low-dimensional representation features) to
calculate the abnormality by performing vector concatenation
of the visual features and reconstruction errors as follows:

z=[v", (X, X" A3)

Here, the f(-) function calculates several types of reconstruc-
tion errors. The original DAGMM adopts the L2 distance
or the combined use of the L2 distance and cosine similar-
ity between the input and reconstructed images as the func-
tion that calculates the reconstruction error. Compared using

only the L2-distance, the performance of the DCAE-based
anomaly detection technique is improved by introducing the
SSIM (Bergmann et al.|2018). Thus, the proposed method im-
plements the L2 distance, cosine similarity, and SSIM. The
reconstruction error is calculated as follows:

FX,X') = [L2(X, X"); CS(X, X"); SSIM(X, X")|,  (4)

where L2(-), CS(-), and SSIM(-) represent the functions of the
L2 distance, cosine similarity, and SSIM, respectively. In the
proposed method, we employ the relative L2 distance to align
the value range rather than the original L2 distance as follows:

/ | |X - X’ | |F
RL2(X, X)) = ————, ®)
X1 p
where || - || is the Frobenius norm. Thus, we calculate the

reconstruction error as follows:
fX, X = [RLZ(X, X"),CS(X, X"), SSIM(X, X’)] . (6)
In addition, the cosine similarity is calculated as follows:
_ .EP. ¢
X X
Then, the SSIM is calculated as follows:
SSIM(X, X') = I(X, X")*c(X, X'V s(X, X'y, 8)

CS(X, X") @)
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where a, f, and y are hyperparameters, / is a comparison of
the luminance values between images, ¢ is a comparison of
the contrast between images, and s is the structural correlation
between images. These parameters are calculated as follows:

2uxpx +C

(X, X)) = , )
py + Ho +C
2pxpy +C
(X, X)= LXXT 2 (10)
pX + pX’ + C2
2px x +C
s(X, X)) = XX 2 (11)
2pxpx + G,

Here, [uy, px’] and [y, px] represent the mean and vari-
ance of X and X', respectively, and px x' is the covariance
between X and X'. In addition, C; and C, are constant values
to stabilize the evaluation value when the denominator reaches
a minimum value. In addition, by setting a = f = y = 1, the
SSIM can be rewritten as follows:

(Zﬂxﬂx’ + C])(ZPx,x’ + Cz)
(ux + Wy + CDPy + P+ Co)
It has been reported that C; = 0.01 and C, = 0.03 are effective
values (Z. Wang et al.|2004)). Thus, the proposed method cal-
culates the low-dimensional representation features from the
road surface image for anomaly detection using the DCAE and
SSIM. Here, the DCAE captures the unique characteristics of
the road surface image, and the SSIM improves the image qual-
ity of the reconstructed image, which is a key factor in terms of
identifying snow- or ice-covered road areas without requiring
pixel-level annotations. As a result, the DCAE using SSIM cal-
culates the significant representation to reconstruct the normal
road surface images while guaranteeing high image quality by
training on only normal samples, which helps detect abnormal
samples and identify snow- or ice-covered road areas.

SSIM(X, X') = (12)

3.2 | Estimation Network

Here, we describe the GMM-based estimation network used to
calculate the abnormality from the low-dimensional represen-
tation features of the input road surface images. The GMM is
a probabilistic model based on several multivariate Gaussian
distributions and their weights for normal road surface images.
The abnormal samples are detected based on the difference be-
tween the low-dimensional representation features of the test
data and the distributions obtained from normal data in the
GMM. Specifically, GMM g(z) is represented as follows:
K
g(z) = ) w, N (zlu, By, (13)
k=1

where w,, is the weight of k (=1,2, ..., K; K is the number of
multivariate Gaussian distributions) th multivariate Gaussian

distribution. Then, the probability density function of the kth
multivariate Gaussian distribution N'(z| ., Z,) is calculated
as follows:

Nlup ) = ———exp (-355 %), (14)
Very:|E] 2
Z, =z (15)

where p, and X, are the mean and covariance for the
probability density function of the kth multivariate Gaus-
sian distribution, respectively, and | - | denotes the deter-
minant of a matrix. Generally, the expectation-maximization
algorithm (Moon|[1996) is employed to optimize the parame-
ters of the GMM (Zimek, Schubert, & Kriegel [2012). How-
ever, DCAGMM performs this optimization using a multilayer
neural network. Thus, the estimation network uses GMM,
including the K multivariate Gaussian distributions and multi-
layer neural network that calculates the probability belonging
to each multivariate Gaussian distribution. In the estimation
network, the abnormality E(z) for the road surface image X is
calculated as follows:

K —_TE_]_ 2
E(z) = —log< Wkexp ( EE 2l ) ) . (16)
k=1 VI27ZE|

The proposed method detects an abnormal road surface image
if the abnormality E(z) is a high value.

Given a training normal image X, (n = 1,2, ..., N, where
N is the number of training normal images), the mixing ra-
tio, mean, and covariance for the kth Gaussian distribution are
calculated as follows:

N
Yien
wy = —_ (17)
LN
Zfl\lz yk,nzn
p = =t (18)
anl }/k,n
N T
1 Yien(Zy — W2, — Jy)
x, = Zn_l k, Hy Hy ’ (19)

Ziv:l yk,n
where y, , represents the probability of belonging to the kth
Gaussian distribution for the training image X,, and y, =
(Y1 Yoo - ,yK’n]T € RX are calculated by inputting the
low-dimensional representation features z, to the multi-layer
neural network MLN(-) as follows:

Yn = ¢(MLN(ZW emln))'

Here, ¢(-) is the activation function, and 8, is the set of train-
ing parameters in the multilayer neural network. Note that z,, is
the low-dimensional representation features obtained from the
training image X,. As a result, the estimation network learns
the feature distribution of the normal samples and can detect
abnormal samples.

(20)
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3.3 | Objective Function

Here, we explain the objective function employed in the pro-
posed method. The compression network (Section[3.T]) and the
estimation network (Section [3.2) are trained simultaneously,
and their parameters 8 = {0,,., 04, 0,,} are optimized as
follows:

min

A

0= argmeinj(e). 20

Here, [J(0) is the loss function of the proposed method, which

is calculated as:
1 N
JO) =~ 2 (LreeX,. X)) + 4 E(z,)) + 1, P(Z), (22)
n=1

where £,..(X,, X!) is the reconstruction error as follows.

rec
£,..(X,X")=L2(X,X') - CS(X, X') — SSIM(X, X"),
(23)

In addition, the function P(X) suppresses the divergence of the
covariance X, and is calculated as follows:

K d
— - 1

where X, (j, j) represents the jth diagonal element of X, , and
A, and A, are hyperparameters. Thus, the end-to-end training
process is realized using the objective function comprising the
reconstruction error calculated by the compression network
and the abnormality calculated by the estimation network.

In summary, the proposed method provides the following
three contributions. 1) The training images used in Eqs. (17)-
indicate that the DCAGMM is trained on only normal road
surface images to handle imbalance in the training data. 2) The
objective function in Eq. (22)) realizes the end-to-end training
process to capture the specific characteristics of the road sur-
face images. 3) The reconstructed image obtained using Eq.
(reconctruc) is generated as a normal image, and different areas
between the original and reconstructed images are calculated
to identify snow- or ice-covered road areas without requiring
pixel-level annotations.

(24)

4 | EXPERIMENT

In this section, we discuss the experimental settings and re-
sults, which validate the efficiency of the proposed method for
detecting snow- or ice-covered roads in winter road surface
conditions.

4.1 | Experimental Settings

In this experiment, we adopted three datasets, i.e., road surface
images captured from the far field (hereafter referred to as the

far dataset), as shown in Fig. [2] road surface images captured
from the near field (hereafter referred to as the near dataset), as
shown in Fig.[3| and a dataset containing both types of images
(hereafter referred to as the mixed dataset). Note that all data
in these datasets were provided by the East Nippon Express-
way Company Limited. Figures[2}f|show examples of the road
surface images used in this experiment. As can be seen, we
conducted experiments on several types of road surface images
and confirmed the effectiveness of the proposed method. Here,
we assumed that the trained proposed method was not used for
the road surface images taken by a location not included in the
training data. Each image in the far dataset was assigned a
label (“dry,” “sherbet,” or “snow”). Here, the "dry” label was
considered “normal,” and these images were used for training
in the anomaly detection scenario. The “sherbet” and “snow”
labels were considered “abnormal,” and these images con-
tained the snow- or ice-covered road areas. These labels were
assigned by experienced road managers at the East Nippon Ex-
pressway Company Limited, and they divided the annotation
task and assigned the labels through a visual inspection pro-
cess. In addition, each image in the near dataset was assigned
one label (“dry,” “wetness,” “black sherbet,” “white sherbet,”
“fallen snow,” “freeze,” or “compacted snow”). Here, the “dry”
and “wetness” labels were considered “normal,” and these im-
ages were used for training in the anomaly detection scenario.
The other labels, i.e., “black sherbet,” “white sherbet,” “fallen
snow,” “freeze,” and “compacted snow” were considered “ab-
normal,” and these images contained snow- or ice-covered road
areas. Table [I] shows the correspondence between the labels
used in each dataset and the normal and abnormal conditions,
and Table[2]shows the number of images in each dataset. In this
experiment, the images in the far dataset were captured at one-
minute intervals from February 1, 2019 to February 8, 2019
using a fixed-point camera at three locations. The images in
the near dataset were captured at 20-minute intervals from Jan-
vary 1, 2018 to January 31, 2018 using a fixed-point camera at
a single location. The images with the normal labels were di-
vided randomly into training and test images, and the images
with abnormal labels were only used in the testing phase.

To compare the proposed method, we implemented and
evaluated the following anomaly detection methods.

1. One-class support vector machine (OC-

SVM) (Scholkopf, Platt, Shawe-Taylor, Smola, &
Williamson|[2001))
The OC-SVM is a conventional but effective anomaly
detection method based on the discrimination hy-
perplane in an SVM (Vapnik||1963). In addition, we
introduced the radial basis function kernel into the
OC-SVM to improve the discrimination ability.
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Table 1 Correspondence between labels in each dataset and normal/abnormal

Abnormal

Normal

Far dataset
Near dataset

Sherbet, Snow
Black sherbet, White sherbet, Fallen snow, Freeze, Compacted snow

Dry
Dry, Wetness

Table 2 Number of images in each dataset. Note that training images belonging to “abnormal” do not exist, and they are
represented as “-” because the proposed and compared methods are unsupervised anomaly detection methods.

Training Test Total Sum
Dataset Abnormal Normal ‘ Abnormal Normal | Abnormal Normal
Far dataset - 7,907 1,279 1,976 1,279 9,883
Near dataset - 723 479 181 479 904
Mix dataset - 8,630 1,758 2,157 1,758 10,787

2. DAGMM (Zong et al.[2018)
The DAGMM is a state-of-the-art unsupervised
anomaly detection method and the original version of
DCAGMM. Here, the L2 distance and cosine similarity
are used in the loss function employed in the DAGMM
method.

3. DCAE (Z. Chen, Yeo, Lee, & Lau/2018)

The DCAE is a reconstruction-based unsupervised
anomaly detection method. With this method, the
anomalous sample was detected by reconstructing the
input image and calculating the difference, and we
adopted the same loss function as that used in the pro-
posed method. The effectiveness of DCAE has been
confirmed in terms of detecting anomalous infrastruc-
tures (Chow et al.|[2020).

Note that the dimension of the image is excessively large when
directly input to the OC-SVM and DAGMM methods, and
the learning process may become unstable. In contrast, the ef-
fectiveness of the DAGMM method with the image features
extracted from images as the input has been verified in the
materials information field (Togo et al|[2019). Thus, in the
experiment conducted in the current study, we calculated the
following image features before inputting images into OC-
SVM and DAGMM methods. Here, we used the variables
obtained by applying the global average pooling to the outputs
of the final convolution layer of the EfficientNetB7 model (Tan
& Le|[2019) pretrained using ImageNet (Deng et al.|[2009).
In addition to comparing the anomaly detection methods, we
compared the reconstruction error and loss function in the
DCAGMM and DCAE methods to evaluate the effectiveness
of SSIM by adopting the L2 distance, cosine similarity, and
SSIM.

In the proposed method, we set 4, and 4, to 0.1 and 0.005,
respectively. The compression network comprised the encoder

with seven convolution layers and the decoder with seven de-
convolution layers. In the estimation network, we implemented
three fully-connected layers. Here, the activation function was
fundamentally the Leaky ReLU function (Maas, Hannun, Ng,
et al.|2013)), with the sigmoid function after the final layer of
the decoder in the compression network and the softmax func-
tion after the final layer of the estimation network. We also
employed the Adam (Kingma & Bal[2014) optimizer. Here,
the batch size, number of epochs, learning rate, and K were
set to 38, 1000, 0.0001, and 8, respectively. Then, to con-
firm the influence of the dimension d,, of the visual feature v,
we varied this dimension, i.e., {8, 16, 32,64, 126,256}, for the
DCAGMM and DCAE methods.

The proposed and compared methods commonly output the
abnormality E(X) for an input image X. We then divided each
image into “abnormal” or “normal” according to the following
threshold:

{“Abnormal” (E(X) > 1)
result =

, (25)
(E(X) < 1)

“Normal”
where 7 is the threshold value. To evaluate the performance
of each anomaly detection method, we used the area under re-
ceiver operating characteristic curve (AUROC) and area under
the precision-recall curve (AUPRC) according to the litera-
ture (Ruff et al.|2021) as threshold-independent measures. Note
that the baseline AUROC value is 0.5, and the baseline AUPRC
value is equal to the proportion of the “abnormal” images, i.e.,
1,279/3,255 for the far dataset, 479/660 for the near dataset,
and 1,758/3,915 for the mixed dataset.

We implemented the proposed and compared methods on a
computer running the Ubuntu 18.04 operating system with an
Intel Core 17-8700 CPU and two GeForce RTX 2080 Ti GPUs.
In addition, we used the Python and TensorFlow frameworks
to train and test the deep learning models.
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Table 3 AUROC and AUPRC results. Here “S,” “C,” and “L” represent the use of SSIM, cosine similarity, and L2 distance,
respectively. “DCAGMM w/ S, C, L represents the proposed method, cosine similarity, and L2-distance as the function to
calculate the reconstruction error function. We set the dimension d,, of the visual features in DCAGMM and DCAE to 64.

AUROC AUPRC
Far dataset Near dataset Mixed dataset \ Far dataset Near dataset Mixed dataset
DCAGMM w/ S, C, L 0.966 0.965 0.952 0.951 0.986 0.921
DCAGMM w/ C, L 0.564 0.664 0.691 0.572 0.851 0.642
DCAGMM w/ L 0.373 0912 0.827 0.379 0.959 0.824
DCAEw/S,C, L 0.921 0.941 0.878 0.831 0.971 0.800
DCAEw/C,L 0.928 0.935 0.863 0.845 0.968 0.794
DCAE w/L 0.924 0.936 0.865 0.841 0.967 0.815
DAGMM 0.180 0.288 0.231 0.435 0.191 0.422
OC-SVM 0.907 0.775 0.825 0.928 0.461 0.799
4.2 | Detection Evaluation improvements. Furthermore, by focusing on the difference in

Table E] shows the experimental results, where “S,” “C,” and
“L” represent the use of SSIM, cosine similarity, and L2
distance, respectively. In addition, “DCAGMM w/ S, C, L’ rep-
resents the DCAGMM method with SSIM, cosine similarity,
and L2 distance as the function to calculate the reconstruc-
tion error, that is, the proposed method. Here, we used the
64-dimensional visual features in the DCAGMM and DCAE
methods. As can be seen, in terms of the AUROC and AUPRC
values, the proposed method, i.e., DCAGMM w/ S, C, L, out-
performed the compared methods, and the experimental results
confirm the effectiveness of the proposed method. By compar-
ing the OC-SVM and DAGMM methods with the proposed
DCAGMM w/ S, C, L, the feature representation learning us-
ing DCAE from the input images was more effective than using
the pretrained CNN model to capture the unique characteris-
tics of the road surface images. This reason for this finding is
the difference of the visual characteristics between the Ima-
geNet and our dataset. The images in ImageNet include distinct
objects corresponding to each class, and the images in our
dataset do not have such objects for each class, and this dif-
ference may result in reduced classification performance. In
addition, a comparison between the proposed DCAGMM w/
S, C, L and DCAE w/ S, C, L methods demonstrates that the
GMM method with DCAE is valid for detecting abnormal im-
ages from the road surface images. In terms of the difference
in the reconstruction error function, a comparison between the
DCAGMM w/ S, C, L, DCAGMM w/ C, L, and DCAGMM w/
L methods demonstrates that the combined use of the SSIM,
cosine similarity, and L2 distance can give an adequate re-
construction error for the reconstructed images. In addition to
the pixel-level reconstruction error, e.g., the cosine similar-
ity and L2 distance, introducing an image quality assessment,
e.g., SSIM, can evaluate perceptual similarity, which is less
sensitive to edge information, thereby leading to performance

the experimental datasets, the AUROC and AUPRC values
obtained by the compared methods are inconsistent depend-
ing on the dataset, and the values obtained by the proposed
DCAGMM method w/ S, C, L are generally high regardless of
the target dataset.

Figure [6] shows the architectural differences between the
DCAGMM, DAGMM, and DCAE methods. As can be seen,
the DCAGMM and DCAE methods primarily comprise con-
volution layers, and the DAGMM method comprises fully-
connected layers. Thus, the DAGMM method cannot process
the original road surface images and identify the snow- or
ice-covered areas. The DCAGMM and DCAE methods out-
performed the DAGMM method because they can capture the
unique characteristics of the road surface images. In addition,
the DCAGMM and DAGMM methods implement the GMM
module for anomaly detection, while the DCAE method em-
ploys the reconstruction error as the abnormality score. Thus,
the DCAE method is limited in terms of its ability to capture
the distribution of the normal samples and is outperformed by
the proposed method. The experimental results confirm that
the proposed DCAGMM method w/ S, C, L is effective at de-
tecting abnormal images from the road surface images from a
practical point of view.

In the following, we discuss annotation costs. In a previous
study on road surface anomaly detection using remote sensing
data and deep convolutional networks, the number of train-
ing images with pixel-level annotations was approximately
6,000 (Xia, Sun, Zhang, & Wang |2019). In another anomaly
detection study in the computer vision field, the number of
training images with pixel-level annotation was approximately
5000 (Bergmann, Fauser, Sattlegger, & Steger|2019; [Liu,
Zhou, Xu, & Wang|[2023). Compared to these studies, the
proposed method, which achieved high detection performance
with a similar amount of data without pixel-level annotations,
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Figure 6 Architectural differences between DCAGMM, DAGMM, and DCAE. (a) DCAGMM and (c) DCAE primarily com-
prise the convolution layers, and (b) DAGMM comprises fully-connected layers. In addition, (a) DCAGMM and (b) DAGMM
implement the GMM module for anomaly detection, and (c) DCAE employs the reconstruction error as the abnormality score.

was successful in terms of reducing annotation costs. In other
words, with the proposed method, the annotation cost only in-
volve assigning an abnormal or normal label to the nearly equal
number of images utilized in comparable anomaly detection
studies.

4.3 | Effects of Dimension d, of Visual Features

The performance changes of the DCAGMM and DCAE meth-
ods when the dimension d,, of the visual features was varied
in {8,16,32,64,128,256} are shown in Fig. [/} For all pat-
terns, the performance of the DCAE method did not change
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Figure 7 Performance changes of DCAGMM and DCAE when the dimension d,, of the visual features varies.

significantly due to the dimension d, of the visual features,
whereas the DCAGMM w/ C, L and DCAGMM w/ L meth-
ods could be affected considerably by the dimension d, of
the visual features. The multilayer network for the GMM can-
not be stable when only pixel-level reconstruction errors, e.g.,
cosine similarity and L2 distance, are used as the reconstruc-
tion error function. However, the proposed method was stable
with {16,32,64}, and the AUROC and AUPRC values in
each dataset were the highest when the proposed DCAGMM
method w/S, C, L was used with 64-dimensional visual fea-
tures. Consequently, the stability of the dimension d,, of the
visual features is improved by introducing SSIM into the re-
construction error function in the proposed method, and the
highest performance was also improved.

4.4 | Evaluation of Snow- or Ice-covered Road
Area Identification

Figure [8] shows identification examples for the snow- or ice-
covered road areas. By comparing the proposed DCAGMM
method w/ S, C, L and DCAE w/ S, C, L in the first image from
the left, the proposed DCAGMM method w/ S, C, L identi-
fied the center snow- or ice-covered road area more accurately
than DCAE w/ S, C, L. In addition, for the second image from
the left, the proposed DCAGMM method w/ C, L identified
the excessive snow- or ice-covered road area on the right side,

whereas the DCAGMM w/ S, C, L could only identify the
driving part. For these examples, in terms of the fourth and
fifth images from the left, the proposed DCAGMM method w/
S, C, L identified the center snow- or ice-covered road area
more accurately than the DCAE method w/ S, C, L. These
findings confirm that the proposed DCAGMM method w/ S,
C, L can effectively identify snow-covered road areas more
accurately than the compared methods. The third and sixth
images from the left show that the proposed method works
effectively under different weather and lighting conditions;
however, there are no major differences between the com-
pared methods. The third images from the left show that there
are misidentifications under adverse weather conditions, e.g.,
the areas corresponding to fallen snows. Here, the proposed
method performed the frame-based detection and identifica-
tion, and thus additional simple processing such as median
processing of multiple frames can improve robustness in the
cases that there are momentary areas related to the adverse
weather, e.g., rains and snows when the proposed method is
used for practical situations. In addition, the semantic segmen-
tation models (Shashaani et al|2023] [Xu et al][2023) can
easily restrict target areas by splitting driving parts although
we did not do that in order to confirm the potential of the pro-
posed method. Thus, in addition to the theoretical correctness
discussed in Section [3] we have confirmed that the proposed
method is effective in terms of identifying the snow-covered
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Figure 8 Identification examples of snow- or ice-covered road areas. The first, second, and third images are from the far dataset,

and the fourth, fifth, and sixth images are from the near dataset.

road area in road surface images without requiring extensive
pixel-level annotations.

S | LIMITATIONS AND FUTURE WORK

In this section, we explain observed limitations and relevant
future work. Although we have presented sufficient theoreti-
cal adequacy in Section [3and practical validity in Section [}
the proposed method exhibits several limitations that must be
considered. For example, we show the misdetection examples
of DCAGMM w/ S, C, L under the experimental conditions

where the dimension d, of the visual features is set to 64 in
Fig. 0] Here, Fig. Pfa) and Fig. P(b) show abnormal samples
detected as normal by the proposed method, and Fig.[9(c) and
Fig.[0(d) show normal samples detected as abnormal. Specif-
ically, in Figs. Eka) and (b), the road surfaces have little snow,
and most of the driving parts in the road are exposed; thus, the
proposed method incorrectly recognized these samples as nor-
mal. Conversely, the road surface is wet from rain in Fig. E[c),
and the camera is blurred in Fig. 0[d); thus, the proposed
method incorrectly recognized these samples as abnormal. The
proposed method accurately identified the driving parts in the
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(d)

Figure 9 Misdetection examples of DCAGMM w/ S, C, L. (a) and (b) show the abnormal samples detected as normal by the
proposed method. (c) and (d) show the normal samples detected as abnormal by the proposed method.

road surface images; however, incorrect recognition results
were obtained when the road surface was ambiguous or the
camera was dirty or otherwise impaired due to natural fac-
tors, e.g., rain. Thus, the proposed method is limited in terms
of its accuracy because the images captured by cameras are
sensitive to such natural factors. From the above discussion,
we consider that additional information sources, e.g., changes
in weather and temperature, should be introduced into the
proposed method in future work.

6 | CONCLUSION

This paper has proposed a snow- or ice-covered road de-
tection method in road surface images using the DCAGMM
method and SSIM. The proposed method adopts an unsu-
pervised anomaly detection framework, i.e., the DCAGMM
method, to handle imbalance in the training data. In addi-
tion, the DCAE-based compression network implemented in
the proposed method captures the unique characteristics of the
road surface images by performing end-to-end learning with
images as inputs. Finally, by reconstructing the input images
as normal images based on the SSIM-based reconstruction
error, the comparison of the input and reconstructed images
enables us to identify snow- or ice-covered road areas without
requiring extensive pixel-level annotations.

In the proposed method, we adopt the CNN and GMM
architectures. However, several machine learning method
can be explored to extend the proposed method to realize
better performance, e.g., the neural dynamic classification
algorithm [Rafiei and Adeli| (2017), dynamic ensemble learn-
ing algorithm (Alam, Siddique, & Adeli|2020), finite element
machine for fast learning (Pereira, Piteri, Souza, Papa, & Adeli
2020), and self-supervised learning (Rafiei, Gauthier, Adeli, &
[Takabi|[2022). Investigating the effects of implementing such
techniques in the proposed method will be the focus of future
work.
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