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Abstract: Applications of machine learning on remote sensing data appear to be endless. Its use
in damage identification for early response in the aftermath of a large-scale disaster has a specific
issue. The collection of training data right after a disaster is costly, time-consuming, and many times
impossible. This study analyzes a possible solution to the referred issue: the collection of training data
from past disaster events to calibrate a discriminant function. Then the identification of affected areas
in a current disaster can be performed in near real-time. The performance of a supervised machine
learning classifier to learn from training data collected from the 2018 heavy rainfall at Okayama
Prefecture, Japan, and to identify floods due to the typhoon Hagibis on 12 October 2019 at eastern
Japan is reported in this paper. The results show a moderate agreement with flood maps provided
by local governments and public institutions, and support the assumption that previous disaster
information can be used to identify a current disaster in near-real time.
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1. Introduction

Floods produce significant socioeconomic impacts [1–3]. A great deal of urban areas are located in
floodplains with a high risk of floods [4]. A recent study on river flood discharge in Europe says climate
change has led to increasing river floods in certain regions and decreasing in others [5]. These changes
in flood discharge have relevant implications in flood risk analysis. A flood map extent is a primary
necessity for damage assessment. Field survey-based flood maps might not be feasible because of the
inaccessibility of the area and the human exposure to the hazardous area. Remote sensing can provide
data on flood extent [6,7]. Applications of remote sensing on tsunami-based floods are summarised
in [8]. It is worth noting that optical satellite imagery might be covered by clouds during the period
of heavy rainfall, and thus, its contribution for flood mapping might be limited. However, a recent
study pointed out that the large amount of optical satellite imagery, together with other spectral bands,
represents a great advantage for flood mapping and time-series flood analysis [9,10]. SAR imagery is
designed to penetrate clouds. In addition, it is very sensitive to water and it is capable to collect data
independent of time of day. Therefore, SAR imagery is perhaps the most effective technology for flood
extent identification.

Supervised machine learning has been extensively applied for to identify the effects of tsunami
floods in the built-up environment [11–15] and its great success in terms of accuracy is undeniable.
However, for operational purposes supervised machine learning is limited by the lack of training
data. Some efforts to overcome the referred issue has been performed. From SAR images, the clear
physical mechanism of the microwaves to discriminate flooded and non-flooded areas has been

Remote Sens. 2020, 12, 2244; doi:10.3390/rs12142244 www.mdpi.com/journal/remotesensing

http://www.mdpi.com/journal/remotesensing
http://www.mdpi.com
https://orcid.org/0000-0003-1764-3160
https://orcid.org/0000-0002-4861-5739
https://orcid.org/0000-0002-8352-0639
http://dx.doi.org/10.3390/rs12142244
http://www.mdpi.com/journal/remotesensing
https://www.mdpi.com/2072-4292/12/14/2244?type=check_update&version=2


Remote Sens. 2020, 12, 2244 2 of 16

exploited greatly. In floodplain areas, for instance, the water bodies produce specular reflection, and
thus, the returned radar pulse is very low. That is to say, dark tones in the SAR intensity image.
Therefore, most of the studies on flood identification use the backscattering intensity, either extracted
from the pixel or averaged from an area defined from an arbitrary object-based-algorithm, as the
solely input to discriminate flooded and non-flooded areas. In such cases, thresholding method of
SAR intensity imagery is perhaps the simplest, but the fastest and the most efficient method to map
water bodies [16–18]. Different strategies have been proposed to define the threshold. In [17,19] the
histogram of permanent water bodies and/or land areas were used as training data to set the SAR
intensity threshold. Unsupervised classification methods been applied as well. It is worth noting that
in most cases, the disaster-affected area represents a small fraction of the area covered by a satellite
image. Thus, a direct application of binary unsupervised classification method over the complete
image would lead to an unbalanced data set problem. To overcome the unbalanced data problem, the
image is split into subimages [18,20,21] and the threshold is estimated in each subimage that exhibit
a bi-modal distribution. This procedure is referred as tile-based thresholding. In [22], the tile-based
thresholding is used as a first estimation. Then, a refinement is performed using a fuzzy logic based
algorithm. In [23], the Bayes theory was applied to compute a probabilistic flood map. It performed a
pixel based analysis. That is to say, the probability that a pixel belong to the set of flooded pixels, F,
given its backscattering intensity value, I, p(F|I), is computed. It was assumed that the set F and its
complement F̄ (i.e., the set of non-flooded pixels) follow Gaussian distributions; furthermore, the priors
were set to p(F) = p(F̄) = 0.5. The referred study represent one of the first attempt to provide the
uncertainties associated with the SAR-based flood mapping processing chain. However, the study area
was manually cropped in order to overcome the unbalanced data set issue. In [24], the Bayes theory
was employed in a tile-based approach. Using electromagnetic scattering model, a set of thresholds
to identify floods in bare soil, agricultural land, and forest areas is proposed in [25]. Electromagnetic
scattering model-based thresholds are also used in [26], which also used hydrodynamic models to
monitor the natural drainage of the floodplain, an extremely relevant information for recovery phase.

In urban and rural areas, the joint effect of the double bounce and specular reflection makes the
interpretation of microwave images more challenging. It has been pointed out that flood extent is
recognized from medium-resolution (about 15 m resolution) microwave imagery by searching for
stronger backscattering intensity than the backscattering intensity from adjacent non-flooded areas.
On the other hand, in high resolution microwave images, like the stripmap mode of TerraSAR-X, dark
tones are observed in specific flooded locations, such as wide roads and streets, because of the solely
effect of specular reflection mechanism. Unfortunately, dark tones produced by radar-shadow is a
handicap to the flood mapping chain process in urban areas [4,27,28]. Radar-shadow refers to the
areas where the radar-pulses were unable to reach, as consequence of the side looking nature of SAR,
because of obstructions of objects like buildings. Shadow-radar-based dark tones could be identified
in advance from a digital surface models and a SAR simulator [4]; then, it can be filtered out from
the SAR-based flood map. In addition, using a reference image recorded before the flood, a single
difference can be used to discriminate shadow-radar and specular-reflection based dark tones [28].

As already stated, most of the studies on flood identification use the backscattering intensity.
There are, however, some studies that used additional features such as coherence [29], texture [30],
semantic labels [31], different sensor images [14], and phase correlation [15]. A high dimensional
feature space requires, however, a more complex discriminant function, and, as stated previously, its
calibration requires training data. For the case of tsunami-based floods, near-real time frameworks that
uses numerical tsunami models, statistical damage functions, and remote sensing is proposed in [32,33].
An additional, and more intuitive, solution for the lack of training data is the use of data collected
from previous disasters. The fully application of this approach requires collection of training data
from different available sensors (i.e., microwave, optical, multispectral), under different acquisition
conditions (i.e., polarization, incident angle, etc.), should consider the effect of seasonal variation of
the target areas on the imagery, need to consider variations in building typologies, and the different
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nature of disasters (i.e., earthquake, landslide, tsunami, floods). However, given the number of satellite
constellations and the open access to many of them, it is expected that such approach will be one of
the solutions. Pioneering studies are reported in [9], from which multispectral data from Landsat TM,
ETM+, OLI, and Sentinel-2 were collected to train a U-Net convolutional neural network (CNN).

In this study, a machine learning classifier is calibrated from SAR-based features collected during
the 2018 western Japan floods. Then, we evaluate the performance of the classifier in detecting floods
induced by the 2019 Hagibis typhoon. Note that the two events are heavy-rainfall-based flood, and
occurred in the same country. Thus, the areas share the same building material and typology. There are,
however, certain contrast between the two events. Take for instance the intensity of the disaster. It is
unfeasible, and perhaps impossible considering that one of the events occurred recently, to find two
event with the same intensity. Thus, although the two event are similar in certain aspects, the two
events are not 100% comparable. The study focuses the attention in urban areas. The interferometric
coherence computed before and during the events are used as a bi-dimensional feature space. The rest
of this manuscript is structured as follows: The next section introduces the floods that occurred in
both the 2018 heavy rainfall and the 2019 Hagibis typhoon, and the SAR images recorded during
the referred events. Section 3 introduces the feature space, the training data, and the calibrated
discriminant functions. Section 4 provides the flooding map and a quantification of its accuracy.
In Section 5 the concluding remarks are drawn.

2. Study Area and Dataset

From about 28 June to 11 July 2018, the Japanese Prefectures of Hiroshima and Okayama, were hit
by a heavy rainfall produced by the convergence of the weather front and the typhoon Prapiroon [34].
The total rainfall in the referred period was 2–4 times the average value for July. It was reported 220
casualties, nine missing and 381 injured people. Furthermore, thousands of houses were collapsed,
partially damaged and flooded [35].

About a year later, on 12 October 2019, the typhoon Hagibis landed Japan and produced several
floods in eastern region. As of 29 October 2019, 91 casualties, 10 missing, and 465 injured people
were reported. Furthermore, 4044 destroyed, 5307 partially damaged, and 70,270 flooded houses were
reported [36]. It has been pointed out that the 2018 heavy rainfall lasted more than 72 h, while the
2019 heavy rainfall lasted only about 24 h. Thus, the Hagibis typhoon-induced heavy rainfall was
considered stronger than that from the 2018 event [37].

C-band SAR images provided by the Sentinel-1 constellation are used in this study. Table 1
indicates the acquisition dates of the images. The images are grouped according to their common
location into four sets, TR, PR1, PR2, and PR3, as depicted in Figure 1. Each set consists of three
images. For every set, one image was recorded just after a heavy rainfall event, hereafter referred
to as post-event image, and the other two images were recorded before the referred event, hereafter
referred as pre-event images. The TR-set consists of images associated to the 2018 western Japan floods.
The training data is going to be collected (hence the acroynm TR) from this set. It contains the town of
Mabi, which was flooded during the 2018 heavy rainfall. The inset of Figure 1 shows the flooded area
provided by the Geospatial Information Authority of Japan (GSI) [38]. The sets PR1, PR2, and PR3
contain images that are associated to the 2019 Hagibis typhoon, and therefore, the areas from which
the floods are going to be predicted (hence the acroynm PR). The post event images from PR1 and PR2
were recorded right after the Hagibis typhoon left Japan. The post-event image from PR3 was recorded
about 5 days after the floods. To the best of our knowledge, the post-event images from PR1 and PR2
were recorded and provided for early disaster response. A remarkable achievement from Sentinel-1
constellation is that within any set, the three images were recorded within a period of less than a
month. The relevance of the short time-baseline and the acquisition condition of the images is that
most of the changes observed between the post-event and the pre-event images are associated to the
effect of the heavy rainfall. In addition, the images of each set share the same adquisition conditions,
such as orbit path and incident angle. Note also that all images were recorded in VV polarization.
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Table 1. Acquisition dates of the imagery used in this study.

TR PR1, PR2 PR3

Pre-event 1 16 June 2018 24 September 2019 29 September 2019
Pre-event 2 28 June 2018 6 October 2019 11 October 2019
Post-event 10 July 2018 12 October 2019 17 October 2019
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Figure 1. RGB color composite of co-event (R) and pre-event (G and B) coherence images. PR1, PR2,
and PR3 are the areas where the predictions of floods associated with the 2019 Hagibis typhoon are
intended. The yellow mark within PR2 denotes the location of the city of Nishikan, Niigata Prefecture.
TR denotes the area associated with the 2018 western Japan floods, from which the training data is
collected. The inset denotes a close-up of the flooded area in the town of Mabi, Okayama Prefecture.
The yellow polygon indicates the extension of the flooded area. The blue rectangle is an instance of a
non-flooded urban area.

On 15 October 2019, the GSI published a flood estimation map from the information collected
until 13 October [39]. The map was elaborated based on aerial images and height elevation data.
The estimation considered the topographic elevation as a reference to calculate inundation depth
values within the affected area. The actual values may differ from the ones presented in the map;
however, the extension of the inundated area should have less inaccuracies. In addition to the
inundation maps provided by GSI, a preliminary inundation map of the city of Iwaki was released in a
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press conference by the Mayor of the city [40] in 30 October 2019. The inundation map was elaborated
by the local officers through field reconnaissance. The map corresponds to the situation after heavy
rains following the 12th and 13th of October, 2019. The effects from floods of subsequent rain events,
such as from 25th October, are not included in this map. It is worth noting that the Iwaki city has not
released yet another version of this map with further detailed information.

In this study, the flood inundation maps provided by GSI and the city of Iwaki are used as reference
data to assess the performance of the predictions quantitatively. It has been pointed out that in order to
perform predictions at agricultural areas it is necessary to verify the irrigation periods in advance [41].
Thus, this study restricts its attention to floods in the built environment. The High-Resolution Land
Use and Land Cover Map Products provided by Jaxa [42] are used to mask built-up areas.

3. Feature Space and Discriminant Function

It is often mentioned that backscattering intensity can be used to identify flooded urban areas.
As pointed out before, in the case of medium resolution SAR images, flooded urban areas exhibit
stronger backscattering intensity than non-flooded urban areas. However, it may not be always the
case. It dependt on the inundation depth and the buildings height. Figure 2a illustrates a simplified
scheme of the interaction of the electromagnetic pulse over an area that contains a single building.
It is assumed that the paper is perpendicular to the azimuth direction. The radar pulse bounces off
the ground towards the building wall, and then, it is reflected from the wall to the satellite sensor,
producing bright pixels. This backscattering mechanism is often referred as double-bouncing. Consider
now that the area is flooded with an low inundation depth (Figure 2b). The water in the ground acts
like a smooth surface, and most of the radar pulse energy bounces off the ground toward the building
wall. The backscattering mechanism at a smooth surface is referred as specular reflection. The intensity
energy that is reflected from the wall to the satellite sensor is, therefore, larger than the previous
case. Note that the increment of the intensity depends also on the effective area of the building wall.
The larger the area, the larger the increment of the backscattering intensity. When the effective area is
very low, that is to say when the inundation depth is about the same as the building height (Figure 2c),
there is not increment of intensity but a reduction. From these considerations, it follows that there
is an inundation depth, between the two extreme cases shown in Figure 2b,c, where the intensity
remains unchanged (Figure 2d). In real situations, where there are several buildings, the backscattering
mechanism is much more complex.

Because the complex patterns that the backscattering intensity may exhibit in flooded urban
areas, in this study we only use the interferometric coherence to construct the feature space.
The interferometric coherence is computed from a pair of complex SAR data, IA and IB, and can
be expressed as

γ =
|∑(i,j) IA

i,j I
B
i,j
∗|√

∑(i,j) IA
i,j I

A
i,j
∗

∑(i,j) IB
i,j I

B
i,j
∗ (1)

where IA
i,j and IB

i,j denote the complex backscattering of the images, and ∗ denotes the complex conjugate.
The interferometric coherence varies between the range [0, 1], where 1 indicates full correlated data,
and 0 is for totally uncorrelated data. Equation (1) tends to be large in urban areas, unless significant
changes have occurred, such as the condition immediately after a flood.

A bidimensional feature space is constructed from the SAR images. One feature denotes the
interferometric coherence computed from the two pre-events SAR images, and the second feature
denotes the interferometric coherence computed from the post-event and the closest pre-event images.
The former is termed as pre-event coherence and the latter co-event coherence. It has been pointed out
that interferometric coherence is effective in identifying floods in urban areas [16], and it is independent
of the orientation angle of buildings [29]. Furthermore, results from [29] show that coherence is more
robust than difference of intensity to identify floods in urban areas. Figure 1 depicts the RGB color
composite of the co-event (R) and the pre-event (G and B) coherence images for all the test areas.
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All the images have approximately 14-m resolution. Figure 3 depicts the feature samples of flooded
and non-flooded built-up areas associated to the 2018 heavy rainfall (i.e., samples collected from the
TR-set of SAR images). The flooded samples were collected from the area outlined by GSI, shown as
yellow polygons in the inset of Figure 1. A total of 15,058 samples were collected at pixels labeled as
built-up by the Jaxa’s land use map. The same number of non-flooded built-up samples were extracted
randomly from the blue polygon shown in the same inset. The color marks in the scatter plot represent
the density samples. Note that, for flooded samples, the co-event coherence is lower than the pre-event
coherence; whereas, non-flooded samples are clustered around the identify function (i.e., pre-event
coherence = co-event coherence).

(a) (b)

(c) (d)

Ia Ib

Ic
Id

Ia<Ib

Ic<Ia Ia=Ib

Figure 2. Simplified scheme of the of backscattering intensity mechanism and the effect of the
inundation depth and building height in the backscattering magnitude. (a) double bounce mechanism.
(b) specular reflection and double bounce mechanisms over a large wall area (Ia < Ib). (c) specular
reflection and double bounce over a small wall area (Ic < Ia). (d) specular reflection and double bounce
with backscattering intensity Id equal to the case shown in (a).
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Figure 3. Feature samples of non-flooded and flooded classes collected during the 2018 western Japan
floods at the city of Mabi, Okayama Prefecture. The color marks depicts the density samples. The red
and yellow solid lines denote the linear and non-linear discriminant functions calibrated using the
SVM algorithm, respectively. The dashed line denotes the identity function.
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The support vector machine (SVM) [43] algorithm was used to calibrate the following
discriminant function:

f2018(xi) = (w ·Φ(xi))− ρ (2)

where xi = (γpre−event, γco−event) ∈ R2 is a vector that contains the pre-event and co-event coherence,
Φ(xi) is a function that maps xi to a higher-dimensional feature space, Rn → F , w ∈ F is a vector
perpendicular to the hyperplane f2018(xi) = 0, and ρ ∈ R is a constant offset. A sample is classified
as flooded if f2018(xi) > 0; otherwise, the sample is classified as non-flooded. The parameters of
Equation (2) are calibrated using training data to solve the following quadratic programming problem.

min
w,ξ

{
1
2

w · w + λ
N

∑
i

ξi

}
(3)

subject to zi(w ·Φ(xi) + ρ)− 1 + ξi ≥ 0

ξi ≥ 0

where ξi is a slack variable, λ is a regularization parameter, zi = 1 if the training sample xi belongs to
the class flooded; otherwise, zi = −1, N denotes the number of traning samples. Instead of solving
Equation (3), most algorithms solve the dual problem:

max
α

{
− 1

2

N

∑
i

N

∑
j

αiαjzizjK(xi, xj) +
N

∑
i

αi

}
(4)

subject to 0 ≤ αi ≤ λp

where K(xi, xj) = Φ(xi)
T ·Φ(xj) is a kernel function that computes a dot-product in F. The solution

of Equation (4) allows to express the discriminant function ins terms of the parameters αi and the
training data:

f2018(xi) =
N

∑
j

zjαjK(xj, xi)− ρ (5)

The red line in Figure 3 depicts the resulted discriminant function (Equation (5)) using a linear
kernel function, K(xi, xj) = xi · xj, and the yellow line is the resulted discriminant function using
a Gaussian kernel function, K(xi, xj) = exp (−c‖xi − xj‖2). The kernel parameter c was set to 0.1.
The gray dashed line represents the identity function. Recall the coherence tends to be high in urban
areas, given that no changes occurred. Therefore, most of the pre-event coherence is larger than
about 0.5. Low pre-event coherence can be attributed to the speckle noise, imprecision in the land
use map, and small/local changes between the two pre-event images. Consequently, because the
few samples with low pre-event coherence, the discriminant function in this range should exhibit
low performance. For instance, it is inconsistent that a sample with a co-event coherence larger
than its pre-event coherence (i.e., samples placed above the identity function) should be classified
as flooded. Therefore, the classification will be performed only in samples with pre-event coherence
larger than 0.45.

A second discriminant function, f2019, was calibrated, but with training samples collected from
the 2019 Hagibis typhoon. Flooded training samples were collected from the reference flood maps
provided by GSI and the city of Iwaki (Figure 4). Non-flooded training samples were collected from
the city of Nishikan, Niigata Prefecture, which is located in the westernmost side of the PR2-area
(See Figure 1). Unexpected, unlike the non-flooded samples from the 2018 event, the non-flooded
samples are slightly off the identity function. Furthermore, in general, the co-event coherence of
flooded samples collected from the Hagibis typhoon is slightly lower than those collected from the
2018 floods. One of the reason of the different distribution of the data from the two events might be
related to the difference of intensity of the events. As mentioned previously, the 2019 heavy rainfall
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is considered stronger than that from the 2018. The stronger wind due to the 2019 Hagibis typhoon
may have induced slight changes even in non-flooded urban areas, such as perturbation of trees
and other small objects. Such small changes, distributed over the all area from which the typhoon
crosses, probably affected the co-event coherence. In addition, it is reported in [26,44,45] that very
intense precpitations can affect high frecuency microwaves. However, the referred studies focused in
X-band sensors, while Sentinel-1 constellation uses C-band sensors. Overall, the discriminant functions
calibrated from samples collected from the 2019 floods (Figure 4) differ from those shown in Figure 3.
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Figure 4. Feature samples collected during the 2019 Hagibis typhoon. The color marks depicts the
density samples. The red and yellow solid lines denote the linear and non-linear discriminant functions
calibrated using the SVM algorithm, respectively. The dashed line denotes the identity function.

4. Results

The linear discriminant function f2018 is used here to identify floods in the PR1, PR2, and PR3
test areas. In the following, the flood maps produced from the Sentinel-1 imagery are referred to as
predicted flood maps, and those published by local/regional public agencies are termed reference
flood maps. Figure 5 shows the predicted flood map, from which the blue and gray pixels denote the
flooded and non-flooded built-up areas, respectively. Note a median filter, with a window size of 7× 7,
was employed to remove small areas predicted as flooded. However, it is observed that the predicted
floods still exhibit some level of noise at specific targets. Figure 5b,c show a closer look at areas where
no floods were reported. Figure 5b shows the predictions around the Tokyo Imperial Palace, which is
located in the city of Tokyo and consist of a high dense urban areas with high-rise buildings mainly
devoted to business activities. Figure 5c shows the predictions in a low dense residential area near
the coast of the city of Chigasaki, Kanagawa prefecture. Note the low-dense residential area exhibit
far more misclassifications. However, this level of misclassification is only observed in the residential
areas of PR1. It has been found that the main reason for such errors is due to the use of training data
from another event; that is, the 2018 floods. Figure 5d,e show the predictions using the function f2019 at
the same locations as shown in Figure 5b,c. Note that the predictions from f2019 are less noisy. Table 2
reports the number of pixels predicted as flooded and non-flooded at the areas shown in Figure 5b–e.
With a difference of 2% in misclassifications, it is ocserved that f2018 has about the same performance
as f2019 in high dense urban areas, such as the city of Tokyo. On the other hand, f2018 shows 20% more
misclassifications than f2019 in low dense residential areas.
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Figure 5. (a–c) Predicted flood map computed from the discriminant function f2018. (a) Predictions at
the PR1, PR2, and PR3 test areas. (b) Closer look at around the Tokyo Imperial Palace. (c) Closer look
at a residential area. (d,e) Predictions computed from the discriminant function f2019.

Table 2. Predictions in non-flooded areas.

Non-Flooded Flooded Total

Training data source: The 2018 Japan Floods

Tokyo city 184,004 (97%) 5935 (3%) 189,939
Chigasaki city 84,878 (78%) 24,372 (22%) 109,250

Training data source: The 2019 Hagibis typhoon

Tokyo city 188,018 (99%) 1921 (1%) 189,939
Chigasaki city 106,758 (98%) 2492 (2%) 109,250

Despite the observed noise, floods produced by river overflow were identified because of their
large extent. Figures 6–8 show a comparison of the predicted and reference flood maps at the cities of
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Koriyama, Iwaki, and Nagano, respectively. The RGB coherence color composite maps are shown as
well. Recall the reference flood map includes built-up and vegetation areas, whereas the predicted
flood map focuses only on built-up areas. A good agreement between the predicted and reference flood
maps is observed for the Koriyama city (Figure 6). Regarding the city of Iwaki, a partial agreement
is observed (Figure 7). The floods in Iwaki city are associated with the overflow of Natsui, Yoshima,
and Shin rivers. The predicted floods produced by the Natsui and Yoshima rivers are consistent with
the reference map. However, a poor agreement is observed in the floods produced by the Shin river.
The main reason for the disagreement lies in the inundation depth. Evidence from local inhabitants
shows that the inundation due to the Shin river was very shallow [46], whereas the inundation due
to the Natsui river was considerably deeper [47]. No evidence was found for the Yoshima river.
Regarding the flood in Nagano city (Figure 8), the predicted flood area is smaller than that reported
in the reference map. The reason is related to the acquisition date of the post-event image. Nagano
city is located within the PR3 test area, from which the post-event image was acquired five days after
the floods. During this interval, the inundation extent has shrunk. For instance, it was reported that
the water bodies at the Nagano shinkansen vehicle center (Figure 8a) were drained by 15 October
2019 [48], two days before the post-event image was acquired.

(a) (b) (c)

0 2 41
Km

Figure 6. Closer look of the affected area in the city of Koriyama, Fukushima Prefecture. (a) The
predicted flood map. (b) The reference flood map provided by GSI. (c) The RGB coherence color
composite. Their locations are indicated in Figure 5a.
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(b)(a) (c)0 2 41
Km

Shin river

Yoshima river

Natsui river

Figure 7. Closer look of the affected area in the city of Iwaki, Fukushima Prefecture. (a) The predicted
flood map. (b) The reference flood map provided by the Iwaki city. (c) The RGB coherence color
composite. Their locations are indicated in Figure 5a.

(b)(a) (c)0 21
Km

Nagano
shinkansen
vehicle
center

Figure 8. Closer look of the affected area in the city of Nagano, Nagano Prefecture. (a) The predicted
flood map. (b) The reference flood map provided by GSI. (c) The RGB coherence color composite. Their
locations are indicated in Figure 5a.

The city of Saitama, Tokyo, was also reported as flooded (Figure 9). Saitama is located in the PR1,
which contains the largest level of misclassifications. A closer look showed that most of the flooded
built-up areas consisted of low-dense residential buildings (Figure 9d,e). Such residential areas were
not completely covered in the land use map provided by Jaxa, and thus, it was not detected in the
predicted flood map.

 Source: Esri, DigitalGlobe, GeoEye,

Earthstar Geographics, CNES/Airbus

DS, USDA, USGS, AeroGRID, IGN, and

the GIS User Community

(a) (b) (c)

(d) (e)

0 52.5
Km

0 0.60.3
Km

Figure 9. Closer look of the affected area in the city of Nagano, Nagano Prefecture. (a) The predicted
flood map. (b) The reference flood map provided by GSI. (c) The RGB coherence color composite.
(d) low dense rural area, image recorded before the flood. (e) Aerial image of the flooded area shown
in (d). The image is provided by the GSI.
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Table 3 shows the predictions within the flooded areas according to the reference maps. Note two
aggregates are reported for the case of Iwaki city: Iwaki-A considers the all flooded area, and Iwaki-B
considers only the floods produced by Natsui and Yoshima river. Table 4 reports the producer accuracy
(PA), user accuracy (UA), and the F1 = 2/(UA−1 + PA−1) scores, which are commonly used to assess
machine learning classifiers. The UA is the percentage of samples that were referenced as flooded
(non-flooded) and at the same time predicted as flooded (non-flooded). Likewise, the PA represents
the percentage of samples predicted as flooded (non-flooded) that were actually flooded (non-flooded)
according to the references. The predictions of all the pixels located in the areas delimited by the
reference flood maps of Koriyama and Iwaki cities are used as testing data of actual flooded samples.
A total of 75,178 flooded samples were collected. Likewise, 75,178 pixels were randomly extracted from
the areas shown in Figure 5b,c, and used as testing data of actual non-flooded samples. The scores
range from 0.65 to 0.90. Additionally, an overall accuracy of 0.77 and a Cohen’s kappa coefficient of
0.54 were computed. In, [49], two additional scores are suggested for accuracy assessment: quantity
disagreement and allocation disagreement. From the two subsets collected to compute the scores,
a quantity disagreement of 0.25 is obtained. That is, the number of pixels predicted as flooded
(non-flooded) is 25% lower/greater than the number of pixels referenced as flooded (non-flooded).
Regarding the allocation disagreement, a value of 0.10 is obtained, which denotes that 10% of the pixels
can be reallocated to increase the agreement between the predicted and reference map. These scores
indicate a moderate agreement between the predictions and the reference data. However, it is worth
noting that the scores only report the consistency between our results and the reference maps; and
thus, inaccuracies in the reference maps may induce underestimations in the accuracy scores.

Table 3. Predictions in reference flooded areas.

Non-Flooded Flooded Total

Koriyama 12,424 (31%) 27,593 (69%) 40,017
Iwaki-A 14,181 (40%) 20,980 (60%) 35,161
Iwaki-B 8,802 (33%) 17,616 (67%) 26,418
Nagano 12,574 (69%) 5,737 (31%) 18,311

Table 4. Classification scores.

PA UA F1

Non-flooded 0.72 0.90 0.80
Flooded 0.86 0.65 0.74
Average 0.79 0.77 0.77

5. Conclusions

In this study we evaluated the performance of a discriminant function clalibrated from one disaster
event to identify the affected area of another disaster event. The relevance of this setting is that remote
sensing data from past disaster events are available in advance, and thus, a discriminant function can
be ready to identify damage in real time. We believe the complexity of this approach for real time
damage identification is immense. However, we have imposed the following conditions to simplify
the experiment: (i) The nature of the two disaster events are similar, that is, heavy-rainfall-based
floods; (ii) we used hand-engineered features (i.e., interferometric coherence), whose interpretation is
comprehensible and helpful to filter out outlier samples; (iii) we used the same remote sensing data,
Sentinel-1 microwave images with medium resolution, in the two disaster events, and were recorded
in almost the same conditions (i.e., same polarization, incident angle, and orbit path); and (iv) the
calibration and predictions were performed within the same country, which shows the same conditions
regarding building materials and typology.

The discriminant function was calibrated with the support vector machine algorithm using
training data collected from the 2018 western Japan floods, and with the aim to identify floods due to
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the 2019 Hagibis typhoon. The results show a moderate agreement with the flood maps provided by
local and regional governmental agencies in Japan. Although the feature space remained the same in
both events, we noticed the distribution of the samples collected form the 2018 event were slightly
different than the distribution of samples collected from the 2019 event, and as a result, the predictions
produced noise-like misclassifications. We believe the difference in magnitude of the heavy rainfall
events played a main role in the difference of the sample distributions. However, the noise in the
results were smaller enough to identify floods produced by the overflow of rivers. We also noticed
the acquisition date of the post-event Sentinel-1 images played an essential role in the performance
of flood detection. For instance, the post-event image that recorded the city of Nagano was acquired
after the water bodies began to drainage. Furthermore, shallow inundation at the city of Iwaki could
not be detected from the discriminant function. We think, based on evidence posted by the inhabitant
of Iwaki city, that the medium resolution of the Sentinel-1 interferometric coherence could not detect
shallow inundations.

Overall, the agreement between the predictions and the reference data is moderate, which suggests
that the use of the previous disaster to identify damage on future events is a promising option.
As a future work, we suggest it is necessary an additional calibration of the discriminant function
with samples collected from the target disaster event. That is, for example, an initial calibration
of the discriminant function is performed with training data collected from previous events.
Then, the discriminant function is adjusted using modifications of unsupervised classification
algorithms using samples of the current disaster.
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