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ABSTRACT

Recently, data from many sensors has been used
in a disaster monitoring of things, such as river wa-
ter levels, rainfall levels, and snowfall levels. These
types of numeric data can be straightforwardly used
in a further analysis. In contrast, data from CCTV
cameras (i.e. images and/or videos) cannot be easily
interpreted for users in an automatic way. In a tra-
ditional way, it is only provided to users for a visual-
ization without any meaningful interpretation. Users
must rely on their own expertise and experience to
interpret such visual information. Thus, this paper
proposes the CNN-based method to automatically in-
terpret images captured from CCTV cameras, by us-
ing snow scene segmentation as a case example. The
CNN models are trained to work on 3 classes: snow,
non-snow and non-ground. The non-ground class is
explicitly learned, in order to avoid a confusion of
the models in differentiating snow pixels from non-
ground pixels, e.g. sky regions. The VGG-19 with
pre-trained weights is retrained using manually la-
beled snow, non-snow and non-ground samples. The
learned models achieve up to 85% sensitivity and 97%
specificity of the snow area segmentation.

Keywords: Deep Learning, CNN, Snow Scene,
CCTYV, Segmentation

1. INTRODUCTION

For decades, attempts of impact reduction and
early detection of natural disasters have gained high
attention from around the world, in order to save hu-
man lives. Therefore, up-to-date and related data
from several types of sensors is needed for a warning
system to monitor the likelihood of natural disasters.
For example, in Japan, such information is provided
publicly via a website, including river water levels,
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rainfall levels, and snowfall levels [1]. It also provides
videos capturing river conditions in real-time, from
CCTV cameras.

However, these videos and images are reported
to users without any additional meaningful informa-
tion or interpretation. The users must rely on their
own experience and judgment to interpret images and
videos seen. An automatic way of interpreting mean-
ingful information from an image would be helpful
to general users. This paper uses snow scene detec-
tion as a case study to show how to provide useful
information for disaster management.

As mentioned in [2][3], snow can be a key cause
of several disasters. Early related warning would be
useful for disaster management. Snow depth, snow
cover area, and other related snow conditions could
be used in combination with more information from
other sensors (e.g. water level sensors [4][5], rainfall
sensors [6][7], and dam level sensors [8]) to predict
an early warning of disasters such as snow avalanches
and floods. Then, a warning could be issued to notify
citizens or human operators for further management.

This research project aims to develop a technique
to automatically segment snow areas in images. This
segmented information could be later used for au-
tomatic interpretation of snow levels in scenes cap-
tured from CCTV cameras. There have been sev-
eral relevant works published recently. Bossu et
al. [9] developed a technique to detect the pres-
ence of snow or rain through visual information. The
classical Gaussian mixture model was used for fore-
ground /background segmentation in videos. A fore-
ground part was then used in a process of rain and
snow detection, using a novel feature called a his-
togram of orientations of rain or snow streaks (HOS).
The feature was extracted using geometric moments
and followed a model of Gaussian uniform mixture.
The technique of expectation maximization was used
to distinguish two different distributions of rain and
Snow.

The next related work was published to detect
clouds in RGB color remote sensing images, using
deep pyramid networks [10]. The spatial texture in-
formation was computed to be used in pixel-level de-
cision making. Also, the pre-trained CNN model was
integrated to enhance accuracy of classification masks
in an encoder layer. Experimental results showed
that it outperformed other baselines and obtained



152 ECTI TRANSACTIONS ON COMPUTER AND INFORMATION TECHNOLOGY VOL.13, NO.2 November 2019

Data Acquisition
(Training set images)

¥

Data Preparation
(Ground Truth Creation)

. J

Training Model
(CNNs with Transfer Learning)

Snow detection Model

Train

Fig.1:

perceptually superior performance on the datasets
used. In addition, Liu et al. [11] proposed the
DesnowNet based on a multi-stage deep network to
remove translucent and opaque snow particles from
images. The multi-scale design was also embedded
into the network to deal with a diversity of snow
types.

Similarly, Li et al. [12] proposed the composition
generative adversarial networks to remove snowflakes
from images. The networks contained a background
module and a snow mask estimate module. The com-
position loss between the input snow image and the
combination of generated clean image and estimated
snow mask was used in the training process. In [13],
Zhan et al. applied the deep convolution network
to differentiate cloud regions from snow regions in
multi-spectrum satellite images. The low-level spa-
tial information and high-level semantic information
were integrated using a multi-scale prediction strat-
egy. Manually labeled cloud and snow samples were
used in the training process.

Lately, in [14], the method of snow scene segmen-
tation in CCTV images was introduced using a con-
volutional neural network with transfer learning. The
performance was significantly enhanced using a post-
processing step. The pre-defined masks which could
not possibly be snow, such as sky regions, were ex-
cluded from the segmentation results. The speci-
ficity could move up from 78% to 98%. However,
this would be too sensitive when the viewing angle
of the CCTV camera is changed, since the masks
must be pre-defined. In this paper, the whole process
is autonomous and does not require any pre-defined
masks. It is more robust in the event of a shifting
viewpoint of the camera.
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Qutput Class
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Overview of the proposed method.

In the proposed method, the VGG-19 is adopted
with transfer learning with two different scenarios. In
the first scenario, it is trained for three classes includ-
ing snow, non-snow, and non-ground classes. Thus,
pixels classified as snow will be used to compute the
final segmentation. In the second scenario, two mod-
els are trained for two classes each. The first model
is trained for snow and non-snow classes, while the
second model is trained for ground and non-ground
classes. Then, the final snow segmentation will be
made up of pixels belonging to both the snow class
in the first model and the ground class in the second
model. This is done to avoid a confusion differentiat-
ing between snow and sky (i.e. non-ground) regions.
Experimental results show promising and comparable
performance, when compared with the method pro-
posed in [14].

The remainder of this paper is organized as follows.
Section 2 explains details of the proposed method.
Then, section 3 describes and discusses experimental
results. Finally, conclusions are drawn in section 4.

2. PROPOSED METHOD

The overview of the proposed method of snow
scene detection is illustrated in Figure 1. The frame-
work consists of a training and a testing process. For
the training process, it consists of three phases, in-
cluding data acquisition, data preparation, and model
training. The output is a snow detection model to be
used in the testing part. A test image is pre-processed
into small patches before submitting it to the trained
model. Therefore, the model will detect these patches
as Snow, non-snow, or non-ground.
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Fig.2: Screenshot of river.co.jp.
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Fig.3: Sample images from each camera.

Fig.4: A sample image of snow (left), the possible area of snow marked as white (middle), the actual area

of snow marked as white (right).
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Fig.5: A sample image of non-snow (left), possible area of snow marked as white (middle), the actual area

of snow marked as white (right).

Fig.6: Sub-image of the original image SU Bgo, the possible area of snow SUBp, and the actual snow area

SUBs.

2.1 Training Method
2.1.1 Data Acquisition

The dataset is acquired from CCTV cameras on
the Japanese disaster prevention information of river
website [1] shown in Figure 2. Most CCTV cameras
are positioned along the river. The images from each
camera have the same size and the same angle. How-
ever, they are captured at different times and in dif-
ferent weather conditions. We chose daytime images
with separation of snow and non-snow images.

2.1.2 Data Preparation

For the data preparation, we selected images from
3 cameras in which 36 images were snow and 9 images
were non-snow images per camera, as shown in Figure
3. Since there is no additional information from the
original images, such as snow area, the ground truth
is required in order to train the model. We manually
defined the regions of possible snow area and actual
snow area as shown in Figures 4 and 5. With the
original image and 2 region images, we performed a
mapping process to generate the ground truth as fol-
lows:
o Using 50x50 pixels of a sliding window technique
[15][16] on the original image O, the possible area
P, and the actual snow S to generate a series of sub-
images SU Bop, SUBp, SUBg was determined as seen
in Figure 6.
e For each SUBp, SUBp, SUBg

— If 60% of pixels in SUBp are black AND SUBp
is located on the top half, then SUBp is NON-
GROUND.

— If 60% of pixels in SUBg are white, then SUBo
is SNOW.

— If 60% of pixels in SUBp are white AND 60%
of pixels of SUBg are black, then SUBp is NON-
SNOW.

o SUBy is saved into its class folder.
o Repeat for the entire image.

Therefore, the final classes are snow, non-ground
(e.g. sky) and non-snow, with over 10,000 images per
class.

2.1.3 Model Training

In deep learning [17][18][19][20], CNNs have been
successfully applied in computer vision tasks such
as image classification, object detection, and video
recognition. Hence, a convolutional neural network
(CNN) was selected for this work. There are sev-
eral CNN architectures such as VGG-19 [21][22],
AlexNet [23][24], InceptionV3 [25][26], and Mo-
bileNetV2 [27][28]. However, VGGNet was selected
as the network model for this work because of its per-
formance and lower complexity. VGG-16 and VGG-
19 architectures are illustrated in Figure 7.

On the ImageNet dataset, VGG-19 achieved
slightly better results compared to VGG-16. There-
fore, we applied a transfer learning technique [21][29]
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Fig.7: VGG-16 and VGG-19 architectures.

using pre-trained weights from the ImageNet dataset
to find the initial weights of the network and allowed
it to calculate new weights for the training data. Once
the training is done, it returns a model that will be
used to split a test image into snow, non-snow, and
non-ground parts.

In this paper, the network was applied with two
different scenarios, as shown in Figures 8 and 9. In
scenario 1, the network was re-trained for 3 classes:
snow, non-snow, and non-ground. The non-ground
class contained samples of regions that had very sim-
ilar characteristics to snow. The non-ground samples
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cover sky and river regions. In scenario 2, two mod-
els were re-trained. The first model was re-trained
for two classes: snow and non-snow. The second
model was re-trained for two classes: ground and non-
ground. We used two models in order to avoid con-
fusion between snow and non-ground (i.e. sky and
river) regions. As can be seen in Figure 9, the out-
put snow region contains pixels belonging to the snow
class and the ground class in the first and second mod-
els respectively.

2.2 Testing Method

In testing our model, an input image is pre-
processed by using a sliding window with no overlap-
ping to generate small sub-images of 50x50 pixels, as
illustrated in Figure 10. Each sub-image is input to
the trained snow detection model to classify whether
this area is snow, non-snow or non-ground. Then the
final output has marked regions of snow, non-snow,
and non-ground as in Figure 11. All experiment set-
tings are explained in the next section.

3. EXPERIMENTS

In our experiments, 39 images were taken from 3
CCTV cameras (13 images from each camera) [1].
Each image was split into patches as described in the
proposed method section. They were used in both
the training and validating processes. In each camera,
patches from 10 images are used in the training, while
patches from the remaining 3 images were used for
validation. Validating patches were generated using
a sliding window, which is not used for training the
model. The ground truth was generated manually.

Two metrics are used to evaluate performance
of the proposed method: sensitivity and specificity.
They are calculated as shown in equations (1) and
(2) 30].

TP
T TP Y FEN (1)
sen is a sensitivity showing a true positive percentage.
TP is a true positive counting a number of pixels
of snow detected as snow. FN is a false negative
counting the number of pixels of snow detected as
non-snow.

TN
—_— 2
TN+ FP 2)

spec is a specificity showing a true negative percent-
age. T'N is a true negative counting a number of pix-
els of non-snow detected as non-snow. F'P is a false
positive counting the number of pixels of non-snow
detected as snow. Values of sensitivity and speci-
ficity range from 0 to 1, where 1 represents the high-
est score.

The proposed method is applied in two different
scenarios. In the first scenario, the proposed network

spec =
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Fig.10: A test image is pre-processed into small patches.
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is trained to classify patches into snow, non-snow, or
non-ground classes. Sample patches of snow and non-
ground classes could be confused. For example, a sky
patch in the non-ground class could be very similar to
a snow patch in the snow class. Thus, the non-ground
class is split out explicitly to be the third class in the
first scenario.

In the second scenario, two models are trained.
The first model is trained to distinguish snow from
non-snow pixels. The second model is trained to dis-
tinguish ground from non-ground pixels. The final
snow pixels are pixels belonging to the snow class
in the first model and the ground class in the sec-

The output image containing snow area (white), non-snow area (black) and non-ground area (grey).

ond model. The experimental results of the proposed
method are compared to the existing method [14], as
shown in Table 1.

As shown in Table 1, the total number of pixels
summing TP, TN, FP and FN is normalized to
100%. The proposed method clearly outperforms the
existing technique [14]. This is mainly because the
non-ground class is explicitly split out and trained
separately from the snow class. In [14], several non-
ground pixels (e.g. sky pixels) were wrongly classified
as snow. This fault in segmentation made the speci-
ficity low. However, with the post-processing, the
fault snow-pixels were removed using the pre-defined
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Table 1: Pizel-based accuracy of the snow scene segmentation.

Method

TP TN FP FN sen spec

(pixels)| (pixels)| (pixels)| (pixels)| (%) (%)
[14] without post-processing 13.71 | 64.51 | 17.78 | 4.09 77.02 | 78.39
[14] with post-processing 14.64 79.81 1.86 3.69 79.87 | 97.72
Proposed method: scenario 1 | 15.01 80.12 2.35 2.52 85.62 97.15
Proposed method: scenario 2 | 16.23 78.36 1.75 3.66 81.60 97.82

Table 2: Pixel-based accuracy of the snow scene segmentation for the cross-cameras cases, using the proposed

method.

Training Testing TP TN FP FN sen spec
(pixels)| (pixels)| (pixels)| (pixels)| (%) (%)
Cameras 1 & 2 | Camera 3 12.59 75.63 8.57 3.21 79.68 89.82
Cameras 1 & 3 | Camera 2 11.21 69.21 15.19 | 4.39 71.86 | 82.00
Cameras 2 & 3 | Camera 1 13.17 72.78 8.84 5.21 71.65 89.13

Fig.12: A sample result of snow segmentation. The three images are input image, groundtruth image, and

resulted image respectively.

non-ground regions. Thus, the specificity value was
significantly increased. The pre-defined non-ground
regions used in the post-processing step made the
method proposed in [14] less sensitive to any shift-
ing of a camera’s viewpoint.

The proposed method achieved a promising per-
formance of above 81% sensitivity and above 97%
specificity. Scenario 1 gives better sensitivity with
slightly lower specificity, when compared with sce-
nario 2. The performance could be improved with a
larger number of training samples, in order to avoid
overfitting. A sample result of snow segmentation is
shown in Figure 12.

In addition, the cross-camera cases are also eval-
uated, where two cameras are used in the training
process and another remaining camera is used in the
testing process. The proposed method using scenario
1 is used to evaluate the cross-cameras cases, since
it achieves a better sensitivity when compared to the
proposed method using scenario 2. The performance
is shown in Table 2. It can be seen that the perfor-
mance dropped when compared to the cases where
all three cameras are used in the training process as
reported in Table 1. This is because scenes seen in

different cameras are varied, as shown in Figure 3.

4. CONCLUSION

This paper proposes a CNN-based method of the
snow scene segmentation. The VGG19 pre-trained
weights are used and re-trained using 2 different sce-
narios. The first scenario trains the network to clas-
sify patches into 3 classes: snow, non-snow and non-
ground. Pixels in the snow class are the final seg-
mentation results. The second scenario trains two
models to classify patches into two classes. The first
model is trained for snow and non-snow classes. The
second model is trained for ground and non-ground
classes. The final segmentation result contains pix-
els belonging to the snow class in the first model and
the ground class in the second model. The proposed
method achieves up to 85% sensitivity and 97% speci-
ficity. It is also validated in the cross-camera cases,
which obtain the sensitivity in a range of 71-79% and
the specificity in a range of 82-89%. This would be
practical where a camera used may not be seen and
trained beforehand in the training phase.
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