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Abstract: Urban flooding is one of the most costly and destructive natural hazards worldwide.
Remote-sensing images with high temporal resolutions have been extensively applied to timely
inundation monitoring, assessing and mapping, but are limited by their low spatial resolution.
Sub-pixel mapping has drawn great attention among researchers worldwide and has demonstrated
a promising potential of high-accuracy mapping of inundation. Aimed to boost sub-pixel urban
inundation mapping (SUIM) from remote-sensing imagery, a new algorithm based on spatial
attraction models and Elman neural networks (SAMENN) was developed and examined in this paper.
The Elman neural networks (ENN)-based SUIM module was developed firstly. Then a normalized
edge intensity index of mixed pixels was generated. Finally the algorithm of SAMENN-SUIM was
constructed and implemented. Landsat 8 images of two cities of China, which experienced heavy
floods, were used in the experiments. Compared to three traditional SUIM methods, SAMENN-SUIM
attained higher mapping accuracy according not only to visual evaluations but also quantitative
assessments. The effects of normalized edge intensity index threshold and neuron number of the
hidden layer on accuracy of the SAMENN-SUIM algorithm were analyzed and discussed. The newly
developed algorithm in this study made a positive contribution to advancing urban inundation
mapping from remote-sensing images with medium-low spatial resolutions, and hence can favor
urban flood monitoring and risk assessment.

Keywords: sub-pixel mapping; urban inundation; spatial attraction models; Elman neural networks;
normalized edge intensity index

1. Introduction

Urban flooding is one of the most costly and destructive natural hazards worldwide, which poses
a great threat to urban economic development and human safety [1,2]. Due to global warming and
urbanization, the risks of urban inundation are expected to increase in the future [3]. Therefore,
urban inundation mapping, which can obtain inundation distribution information for flood monitoring
and risk assessment [4–7], has become increasingly important. High temporal resolution remote-sensing
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images have been extensively applied to timely inundation mapping and monitoring in recent
years [8–10]. Nevertheless, the mapping accuracy of urban inundation is substantially compromised
due to the low spatial resolutions of such images, which in a certain degree constrains the application
of those valuable high temporal resolution remote-sensing data in flooding inundation mapping.

Sub-pixel urban inundation mapping (SUIM) can acquire the spatial distribution of urban
inundation at a sub-pixel scale by detailing the spatial information structure inside a pixel to, therefore,
boost the accuracy of inundation mapping. SUIM maximizes spatial dependence while maintaining
the original proportion of urban inundation within the mixed pixel. Sub-pixel mapping is one hot
point in the remote sensing and related fields. Numerous methods and improvements have been
established and acquired, such as approaches based on genetic algorithm [11], spatial attraction models
(SAM) [12,13], optimal endmember [14], spectral-spatial model [15], support vector machine (SVM) [16]
and artificial neural networks [16–18]. Li et al. proposed an enhanced SUIM based on the fusion of SVM
and general regression neural network [16]. Su integrated a scale-invariant feature of fractal geometry
into the Hopfield neural network for sub-pixel mapping [17]. Arun et al. proposed convolutional
network architectures for sub-pixel mapping of drone-derived images [18]. Nevertheless, SUIM in
urban environments has been retained as a challenging research topic, because ground targets in urban
remote-sensing images are complex.

SAM is simple and has explicit physical denotation, so it is a well-known approach in the sub-pixel
mapping field [13]. Spatial attraction is defined to calculate the spatial correlation between a sub-pixel
within a central pixel and the surrounding pixels of the central pixel. SAM is effectively an unsupervised
algorithm, which does not require the prior knowledge of mixed pixels, such as their spatial structure,
and does not need training samples. However, SAM is not sufficient to acquire satisfactory SUIM
accuracy when mixed pixels are sourced from a complex ground surface. An image edge is a local
concept and is based on a measure of gray value discontinuity at a point of the image [19]. Mixed pixels
with large edge intensity are usually difficult to deal with due to high discontinuity of pixel values. As a
popular artificial neural network model, Elman neural networks (ENN) have attracted considerable
attention in recent years [20–24]. Zhang et al. improved ENN for time series prediction [20]. Yang et al.
studied the remaining useful life prediction of ultrasonic motor using ENN [21]. Liu et al. researched
maneuvering target tracking based on ENN [22]. Krishnan et al. proposed an efficient ENN classifier
for a health-monitoring system [23]. Jia et al. developed a novel optimized GA-ENN algorithm [24].
ENN is a kind of dynamic recurrent network, which has the merits of low complexity of training,
quick convergence and high stability [25]. Given enough neurons in the hidden layers, ENN with
one or more hidden layers can learn any dynamic input–output relationship well [26]. ENN has
been successfully applied to various relevant fields, such as energy [27–29], environment [30,31],
agriculture [32], traffic [33], medicine [34], and economics [35]. In substance, SUIM is an issue of
sub-pixel classification [16]. Therefore, the accuracy improvement of SUIM could be expected if SAM
and ENN are coupled.

In this paper, a new SAM and ENN-based SUIM (SAMENN-SUIM) algorithm is developed for
mapping urban flood inundation. Landsat 8 urban images are used as experimental images. Landsat 8
launched in 2013 carrying the Operational Land Imager (OLI) and the Thermal Infrared Sensor (TIS).
Landsat 8 is in a near-polar orbit of the Earth and repeats its orbital pattern every 16 days [36]. The study
is structured: (1) to develop the algorithm of ENN-SUIM and to produce a normalized edge-intensity
index based on which, the algorithm of SAMENN-SUIM is formulated; (2) to examine the results of
SAMENN-SUIM and compare them to classical SUIM methods; and (3) to assess and discuss the effects
of SAMENN-SUIM relating to normalized edge intensity index threshold and neuron number of the
hidden layer of ENN.

2. Methodology

An ENN-SUIM module was firstly developed in this study to form the foundation of
SAMENN-SUIM. ENN-SUIM constructs a local SUIM model based on ENN. ENN is a dynamic
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recurrent network on the basis of the feedback neural network [25]. The ENN-SUIM architecture is
shown in Figure 1. The input layer has eight neurons, which correspond to a mixed pixel’s eight adjacent
neighbouring pixels. The output layer has 25 neurons when the value of the scale factor equals 5.
These neurons correspond to the mixed pixel’s 25 sub-pixels. Context layer is necessary to ENN.
The characteristic of ENN is the context layer, which memorizes the hidden layer’s outputs a moment
ago and constructs the local feedback connection from the hidden layer’s outputs. The transfer function
of the context and output layer is linear. The receptive field function of the hidden layer is usually
a sigmoid function or a logistic function. The context layer can make ENN possess the capability of
adapting to changing characteristics [25]. The local feedback connection of the context layer can be
seen in Figure 1.
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Figure 1. Elman neural network sub-pixel urban inundation mapping (ENN-SUIM) architecture (scale = 5).

SAMENN-SUIM obtains the sub-pixel spatial distributions of urban inundation based on SAM
and ENN using the normalized edge intensity index (NEII) of mixed pixels. NEII is used to measure
the degree of gray value discontinuity of a mixed pixel and is formulated as follows:

NEII(MP) = [Prewitt(NMP) + Sobel(NMP) + Laplacian(NMP)]/3 (1)

where MP is the central mixed pixel, and NMP is the neighborhood of the mixed pixel. Prewitt,
Sobel and Laplacian are the operations employing classic Prewitt, Sobel and Laplacian edge detection
masks [19,26] and normalization, respectively. Figure 2a illustrates MP5, the mixed pixel and its
neighborhood being investigated. Figure 2b,c and Figure 2d are the classic Prewitt, Sobel and Laplacian
edge-detection masks, respectively [19,26].
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of the mixed pixel; (b) Prewitt; (c) Sobel; (d) Laplacian edge detection masks.

Due to high discontinuity of gray values, mixed pixels with highly curled edge are usually difficult
for SUIM. However, they are also the key part of SUIM that has a potential to be better mapped in
order to improve SUIM accuracy. In this study, NEII acts as a threshold to switch a current mixed
pixel between two different processing models. If the NEII value of a mixed pixel is larger than a
given threshold, SAMENN-SUIM constructs ENN-SUIM to acquire the spatial distributions of urban
inundation at a sub-pixel scale. Otherwise, SAMENN-SUIM uses SAM to get the sub-pixel mapping
results. Figure 3 shows the flow chart of SAMENN-SUIM.
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3. Case Study

3.1. Experimental Results and Analysis

Severe floods struck Wuhan, Hubei Province, China in July, 2016 and Yueyang, Hunan Province,
China in July, 2017, separately. Landsat 8 OLI multispectral images with 30 m resolution were used for
experiments of this study. Representative study areas were selected and the image size of the study
areas is 500 × 500 pixels. Figure 4 shows the two study areas.

Comparative SUIM methods chosen were back-propagation neural network-based SUIM
(BPNN-SUIM), SVM-based SUIM (SVM-SUIM), SAM-based SUIM (SAM-SUIM) and SAMENN-SUIM.
For BPNN-SUIM, SVM-SUIM and SAMENN-SUIM, we randomly chose 20% of the mixed pixels as the
training samples. The number of the hidden layer was 1 and the neuron number of the hidden layer
was 25 in BPNN-SUIM and SAMENN-SUIM. The NEII threshold was set at 0.1 in SAMENN-SUIM.
The comparative algorithms and parameter values adopted are widely used in sub-pixel mapping and
classification [12,16].

Figure 5 shows the experimental images and results of the four SUIM methods for Wuhan.
The inundation reference image with 30 m resolution (Figure 5a) was acquired using the Landsat
8 multispectral image based on the modified normalized difference water index (mNDWI) [37–40].
The scale was set at 5 in the experiment. The inundation reference image was aggregated to get
the inundation fraction image with 150 m resolution (Figure 5b), which was the input to the four
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SUIM methods. Figures 6 and 7 illustrate zoomed small parts of the inundation reference image
and the four SUIM results, which give a detailed comparison of those four methods. As shown in
Figures 5–7, SAMENN-SUIM has the best SUIM result for Wuhan city. Compared to other SUIM
methods, SAMENN-SUIM maps urban flooding not only more continuously but also more smoothly.
SAM is coupled with ENN in SAMENN-SUIM, which further boosts the performance of SUIM.

Figure 8 shows the experimental images and results of the four SUIM methods for Yueyang.
Figures 9 and 10 illustrate zoomed small parts of the inundation reference image and the four SUIM
results, which give a detailed comparison of those four methods. From Figures 8–10, it can be seen that
SAMENN-SUIM gives the optimal SUIM result for Yueyang city as well.

Table 1 presents a quantitative evaluation of the four SUIM methods, measured using not
only overall accuracy (OA) and Kappa coefficient (KC), but also average producer accuracy (APA)
and average user accuracy (AUA) [41–43]. Only mixed pixels are included when computing the
accuracy indices. SAMENN-SUIM attained the highest values of accuracy indices for the two cities.
For instance, OA of BPNN-SUIM, SVM-SUIM, SAM-SUIM and SAMENN-SUIM are 72.9%, 78.9%,
78.3% and 80.1% for Wuhan, respectively. The OA of BPNN-SUIM, SVM-SUIM, SAM-SUIM and
SAMENN-SUIM are 72.8%, 77.7%, 77.2% and 78.8% for Yueyang, respectively.Remote Sens. 2020, 12, x FOR PEER REVIEW  6 of 17 
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Figure 5. Experimental images and different SUIM results for Wuhan where red square shows the
area for zooming. (a) Inundation reference image; (b) inundation fraction image; (c) back-propagation
neural network (BPNN)-SUIM; (d) support vector machine (SVM)-SUIM; (e) spatial attraction model
(SAM)-SUIM; (f) spatial attraction models and Elman neural networks (SAMENN)-SUIM.
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Table 1. Quantitative evaluation of the four SUIM methods.

Methods
Wuhan Yueyang

OA (%) KC APA (%) AUA (%) OA (%) KC APA (%) AUA (%)

BPNN-SUIM 72.9 0.446 72.2 72.5 72.8 0.455 72.7 72.9
SVM-SUIM 78.9 0.572 78.7 78.5 77.7 0.553 77.6 77.7
SAM-SUIM 78.3 0.553 77.3 78.2 77.2 0.543 77.1 77.5

SAMENN-SUIM 80.1 0.593 79.5 79.8 78.8 0.576 78.8 78.8

Note: OA represents overall accuracy, KC represents Kappa coefficient, APA represents average producer accuracy
and AUA represents average user accuracy, respectively.
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3.2. Summary

Urban floods have spatio-temporal distributions, so it is usually difficult to obtain the ground-truth
data to validate the model. In order to apply and assess SAMENN-SUIM in real cases, two multispectral
remote-sensing images are needed at the same time for a specific area, which are with different
resolutions. One image is of a high resolution from which the flooding reference image is derived.
Another image is of a low resolution from which the flooding fraction image is obtained. However, it is
still difficult to obtain such valid images from two different satellite systems in the real case. If it is the
case that these images are obtained, there will be no technical obstacles to apply the method. Take 4 m
spatial resolution Gaofen-2 multispectral images and 30 m spatial resolution Landsat multispectral
images, for example. First, a geometric registration is implemented on the two images. The resolution
of the Landsat image is resampled to 28 m, which is seven times the resolution of the Gaofen-2 image.
Second, a 2 8m flooding fraction image is derived from the Landsat image using the least squares
linear spectral mixture analysis method [44]. Third, SAMENN-SUIM is applied to obtain a 4 m SUIM
result from the 28 m fraction image. Finally, supervised classification methods are used to classify the
Gaofen-2 image into a 4 m flooding reference image. The SUIM result is assessed using the visual and
quantitative comparisons with the flooding reference image.

4. Discussion

4.1. Effects of Normalized Edge Intensity Index (NEII) Threshold in Spatial Attraction Models and Elman
Neural Network Sub-Pixel Urban Inundation Mapping (SAMENN-SUIM)

NEII acts as a threshold to direct a mixed pixel to a desirable processing model. In other words,
the NEII threshold (NEIIT) decides the number of mixed pixels handled by ENN, which influences the
accuracy of SAMENN-SUIM results. Accuracy of SAMENN-SUIM was investigated at four different
NEIIT values for the Wuhan study area while keeping other parameters of SAMENN-SUIM unchanged,
as shown in Figure 11. It can be seen that the larger the NEIIT, the smaller the OA. OA declines from
80.2% to 78.4% while NEIIT rises from 0.05 to 0.50. There is also a similar declining tendency in other
accuracy indices, since a high NEIIT reduces the number of mixed pixels handled by ENN while raising
the number of mixed pixels handled by SAM. While SAM has merits such as simplicity, ENN has a
stronger capability to get better SUIM results when dealing with mixed pixels with an intricate edge.

4.2. Repeated Tests

Repeated tests were conducted to test the stability of SAMENN-SUIM using the Landsat 8
image for Wuhan. All the parameters of SAMENN-SUIM were the same as those in Section 3.
Sub-pixel mapping results of SAMENN-SUIM in 20 repeated tests are shown in Table 2 where Min
represents minimum value, Max represents maximum value, Mean represents mean value and SD
represents standard deviation value. As can be seen from Table 2, the mean values of OA, KC, APA and
AUA are 79.8%, 0.588, 79.3% and 79.6% for Wuhan, which are higher than the accuracy of the mapping
results of three traditional methods in Section 3. Minimum values of OA, KC, APA and AUA are 79.6%,
0.582, 79.0% and 79.4%. Maximum values of OA, KC, APA and AUA are 80.1%, 0.593, 79.5% and 79.8%.
Standard deviation values of OA, KC, APA and AUA are low, which are 0.135%, 0.003, 0.167% and
0.139%, Therefore, SAMENN-SUIM has good stability.

4.3. Effects of the Neuron Number of Hidden Layer in SAMENN-SUIM

Choosing the neuron number of a hidden layer is crucial to ENN, affecting the classification
capability of ENN and hence affecting the accuracy of SAMENN-SUIM. Effects of the neuron number
(NN) of the hidden layer in SAMENN-SUIM were investigated using the Landsat 8 image for Wuhan.
Other parameters of SAMENN-SUIM were the same as those in the experiment. The effects of different
neuron numbers of the hidden layer are shown in Table 3. Among the three NN values, the largest
accuracy indices are acquired when NN value is equal to 25. The reason is that the higher the NN,



Remote Sens. 2020, 12, 2068 14 of 17

the smoother the ENN’s function approximation, which is in favour of fitting the training samples
closely and increasing the accuracy of sub-pixel mapping. However, if NN is too high, the ENN’s
function approximation will over-fit training samples.Remote Sens. 2020, 12, x FOR PEER REVIEW  14 of 17 
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Table 2. Twenty repeated tests of SAMENN-SUIM for Wuhan.

Test OA (%) KC APA (%) AUA (%)

1 79.7 0.586 79.2 79.4
5 79.9 0.588 79.3 79.6

10 79.6 0.582 79.0 79.4
20 80.0 0.590 79.4 79.7

Min 79.6 0.582 79.0 79.4
Max 80.1 0.593 79.5 79.8

Mean 79.8 0.588 79.3 79.6
SD 0.135 0.003 0.167 0.139

Table 3. Effects of the neuron number (NN) of hidden layer in SAMENN-SUIM for Wuhan.

NN OA (%) KC APA (%) AUA (%)

5 79.7 0.586 79.2 79.4
25 80.1 0.593 79.5 79.8
50 79.9 0.589 79.3 79.6
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5. Conclusions

Urban flooding is one of the most costly and destructive natural hazards worldwide. A new
algorithm called SAMENN-SUIM was developed to boost accuracy of urban inundation mapping
in this study. After composing an ENN-based SUIM and choosing a proper normalized edge
intensity of mixed pixels, the algorithm of SAMENN-SUIM was constructed, implemented and
evaluated. Landsat 8 images of two cities of China, which experienced heavy floods, were used in
the experiments. Compared to three traditional SUIM methods, SAMENN-SUIM obtained better
mapping results according to not only visual evaluations but also quantitative assessments. OA values
of BPNN-SUIM, SVM-SUIM, SAM-SUIM and SAMENN-SUIM are 72.9%, 78.9%, 78.3% and 80.1% for
Wuhan, respectively. OA values of BPNN-SUIM, SVM-SUIM, SAM-SUIM and SAMENN-SUIM are
72.8%, 77.7%, 77.2% and 78.8% for Yueyang, respectively. The effects of the normalized edge intensity
index threshold and the neuron number of hidden layer on the accuracy of SAMENN-SUIM were
investigated and discussed. The novelty of this study is: (1) to develop the algorithm of ENN-SUIM;
(2) to produce a normalized edge intensity index; and (3) to combine ENN with SAM for SUIM.
Therefore, this study boosts urban inundation mapping accuracy from remote-sensing images with
medium-low spatial resolutions, and hence can favor urban flood monitoring and risk assessment.
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