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Abstract: Image fusion of satellite sensors can generate a high-resolution multi-spectral image from
inputs of a high spatial resolution panchromatic image and a low spatial resolution multi-spectral image
for feature extraction and target recognition, such as enclosure seines and floating rafts. However, there
is currently no clear and definite method of image fusion for different aquaculture areas distribution
extraction from high-resolution satellite images. This study uses three types of high-resolution remote
sensing images, GF-1 (Gaofen-1), GF-2 (Gaofen-2), and WV-2 (WorldView-2), covering the raft and
enclosure seines aquacultures in the Xiangshan Bay, China, to evaluate panchromatic and multi-
spectral image fusion techniques to determine which is the best. This study applied PCA (principal
component analysis), GS (Gram-Schmidt), and NNDiffuse (nearest neighbor diffusion) algorithms to
panchromatic and multispectral images fusion of GF-1, GF-2, and WV-2. Two quantitative methods
are used to evaluate the fusion effect. The first used seven statistical parameters, including gray mean
value, standard deviation, information entropy, average gradient, correlation coefficient, deviation
index, and spectral distortion. The second is the CQjsx index. Comparing the evaluation results by
these seven common statistical indicators with the results of the image fusion evaluation by index
CQyax, the results prove that the CQy,qr index can be applied to the evaluation of image fusion effects
in different aquaculture areas. For the floating raft cultured area, the conclusion is consentaneous;
NNDiffuse was also optimal for GF-1 and GF-2 data, and PCA was optimal for WV-2 data. For the
enclosure seines culture area, the conclusion of quantitative evaluations is not consistent and it shows
that there is no definite good method that can be applied to all areas; therefore, careful evaluation
and selection of the best applicable image fusion method are required according to the study area

and sensor images.
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1. Introduction

Recent developments in remote sensing technology offer a high spatial, spectral,
and temporal resolution. Most of the operating Earth observation satellites provide both
high-resolution panchromatic (Pan) images and low-resolution multi-spectral (MS) images.
However, it is difficult to acquire high-quality spatial and hyperspectral remote sensing
data simultaneously [1]. The difference in spatial resolution between the panchromatic
and the multispectral mode can be measured by the ratio of their respective ground
sampling distances (GSD), which may vary between 1:2 and 1:5 [2]. The image fusion of
combining multispectral and panchromatic images to produce an enhanced multispectral
image of high spatial resolution can improve the efficiency and robustness of information
extraction, thereby improving data. Research on image fusion techniques in remote sensing
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started as early as the late 1980s and early 1990s [3-6]. Many fusion techniques have been
developed [7,8], such as PCA, GS, and NNDiffuse.

With the development of these fusion methods, the problem of determining which
method is the perfect one for specific data arises. How to effectively evaluate image
fusion quality to provide convincing evaluation results is the key point when using image
fusion products. In the IEEE GRSS 2006 Data Fusion Contest, the seven indexes of mean
bias, variance difference, standard deviation difference, correlation coefficient, spectral
angle mapper, relative dimensionless global error, and Q4 quality index were used [9].
Ojeda [10] introduced a structural similarity variable under the framework of image quality
assessment (the CQ index), which can effectively quantify the spatial correlation between
two images. This metric was later used for elapsed AR-2D image similarity assessment.
Then, Pistonesi et al. [11] proposed the target image fusion performance index (CQuax)
based on maximum co-divergence, which exhibited a high degree of similarity during
subjective evaluation. However, this method is not specifically applied to the evaluation
of image fusion results containing water information. Ojeda et al. also used the CQyax
coefficient as an intermediate step to develop a recovery algorithm, generating an original
image from two distorted images. These results suggest the CQ;x index outperformed the
SSIM [12,13] and CQ indices, without comparing the image fusion results with traditional
statistical parameters.

China is the world’s largest producer of aquaculture. It accounts for a third of fish
production, and two-thirds of the production of aquaculture worldwide [14]. In 2018,
one-third of Chinese aquaculture production comes from saltwater [15]. However, aqua-
culture development faces major threats and challenges, such as the increasing competi-
tion for land, water, as well as water pollution, harmful algal blooms (HABs), and other
threats [16,17]. Due to its ability to map essential variables at multiple scales and resolutions,
Earth observation (EO) can help to comprehensively optimize aquaculture location and
type in both the nearshore and offshore oceans [18]. Xiangshan Bay is one of the important
sites of salt aquaculture, which is located on the coast of Zhejiang Province in southeastern
China. There are floating raft culture of oysters, enclosure seine culture of crab, and cage
culture of fish in Xiangshan Bay. We investigated the changes in the number of floating rafts
of the oyster culture using the archive World View satellite data [19], and we found it seems
that not all image fusion methods achieve the same ideal fusion effect [20]. Therefore, we
tried to use three different types of satellite images, Gaofen-1 (GF-1), Gaofen-2 (GF-2), and
WorldView-2 (WV-2), to conduct the test to answer the question ‘Is there a universally good
method for high spatial resolution images?’. We carried out image fusion and evaluated it,
hoping to find the best image fusion method for subsequent information extraction.

This article evaluates the quality of the fused satellite images and compares the results
with seven traditional statistics indexes of gray mean value, standard deviation, entropy,
average gradient, correlation coefficient, spectral distortion, and bias index. Then, we apply
the CQyuqy index to the same work to determine whether CQ,,4x can replace these seven
statistics parameters. A brief description of the main acronyms used in this paper is listed
in Appendix A.

2. Materials and Methods
2.1. Study Area

Figure 1 gives the geographical position information of Xiangshan Bay. Figure 2
shows scenes of different types of aquaculture areas in Xiangshan Bay. The enclosure seine
aquaculture (Figure 2a) adopts local culture, combining timber from a closed aquaculture
area. In this region, fishing nets are positioned underwater and 10 cm of fine sand is placed
in the bottom of the enclosure seine. The fence around the nursery area encompasses
50~200 square meters. Discrete circles and polygons visible in the remote sensing images
represent bodies of water. These shapes are the result of morphological structures used in
the seine culture. The floating rafts in the breeding area (Figure 2b) included a polyethylene
rope of length 60 m, serving as the primary stalk. This structure was bound to plastic
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foam at both ends of the floating piling rope, which was fixed to the seabed. The distance
between adjacent rafts was 4-6 m. Hundreds of these structures were arranged side-by-side
to form floating strips hundreds of meters in length. The distance between each group of
floating rafts varied from 20 to 40 m.
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Figure 2. The scenes of different types of aquaculture areas. (a) Enclosure seines culture area;
(b) floating rafts culture area.

2.2. Image Data

Three types of high-resolution remote sensing data were used in this study to conduct
a series of fusion evaluation experiments in aquaculture areas. Descriptions of these data
types are listed in Table 1.

China launched six HDEOS (high-resolution Earth observation system) space crafts
between 2013 and 2016 [21]. GF-1 is the first of a series of high-resolution optical Earth
observation satellites of the CNSA (China National Space Administration), Beijing, China;
GF-2 is a follow-up mission of GF-1 with the objective to provide high accuracy geo-
graphical mapping, land and resource surveying, environment change monitoring, and
near-real-time observation for disaster prevention and mitigation, as well as agriculture and
forest estimation [22]. As listed in Table 1, GF-1 and GF2 have the same spectral resolution
but different spatial resolutions. The WV-2 sensor provides a high-resolution panchromatic
band and eight (8) multispectral bands—four (4) standard colors (red, green, blue, and near-
infrared 1) and four (4) new bands (coastal, yellow, red edge, and near-infrared 2)—and
full-color images for enhanced spectral analysis, mapping and monitoring applications,
land-use planning, disaster relief, exploration, defense and intelligence, and visualization
and simulation environments [23].
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Table 1. The sample image data description of GF-1, GF-2, and WV-2.

Data Type Band (um) Spatial Resolution Image Date

Band1—blue 0.45-0.52
Band 2—green 0.52-0.59
GF-1 Band 3—blue 0.63-0.69
Band 4—near infrared
0.77-0.89
Band1—blue 0.45-0.52
Band 2—green 0.52-0.59
GF-2 Band 3—blue 0.63-0.69
Band 4—near infrared
0.77-0.89
Band 1—coast 0.40-0.50
Band 2—blue 0.45-0.51
Band 3—green 0.51-0.58
Band 4—yellow 0.58-0.62
Band 5—red 0.63-0.69 Panchromatic (0.5 m)
Band 6—red edge 0.70-0.74 Multi-spectral (2 m)
Band 7—near infrared
0.77-0.89
Band 8—near infrared 2
0.86-1.04

Panchromatic (2 m)

Multi-spectral (8 m) 15 February 2016

Panchromatic (1 m)

Multi-spectral (4 m) 15 February 2016

WV-2 13 April 2017

Figure 3 shows the flow chart of this study. PCA (principal component analysis),
GS (Gram-Schmidt), and NNDiffuse (nearest neighbor diffusion) algorithms using ENVI
software were applied to PAN and MS images fusion of GF-1, GF-2, and WV-2 in the areas
of seine culture and floating rafts. PCA is a statistical technique that transforms multivariate
data with correlated variables into uncorrelated variables [24,25]. The GS orthogonalization
procedure is a powerful pan sharpening method [26]. NNDiffuse assumes that each pixel
spectrum in the pan-sharpened image is a weighted linear mixture of the spectra of its
immediate neighboring super pixels; it treats each spectrum as its smallest element of the
operation, which is different from the most existing algorithms that process each band
separately [27]. Two quantitative methods are used to evaluate the fusion effects. One uses
the seven traditional statistics indexes, and the other compares the CQ,qy index to find
which image fusion method is the best for each type of satellite sensor and to answer the
question of whether there is a universally good method for high spatial resolution images.

2.3. Evaluation Methodology

The effect of image fusion can be judged by visual and quantitative evaluation. Visual
evaluation refers to judging the image after fusion through visual interpretation and
combining it with operating experience, to draw a conclusion. Visual evaluation has the
advantage of being more intuitive and easygoing but it is difficult to describe precisely.
The quantitative evaluation is more objective and comparative to describe and judge the
characteristics of the fusion images with numerical values. The quantitative evaluation in
this study includes statistical parameters and the CQj,x index.
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Figure 3. The flow chart of image fusion evaluation in aquaculture areas.

2.3.1. Statistical Parameters

The statistical parameters of image quality can be divided into two categories ac-
cording to the number of factors involved in the evaluation [28]: one is the single-factor
evaluation index, including gray mean value, standard deviation, sharpness, and vari-
ous entropy values of the image. The other is the comprehensive evaluation indicators,
including spectral distortion, correlation coefficient, bias index, etc.

All seven parameters’ calculation formulas and descriptions, which are used in this
study, are shown in Appendix B. Gray mean value is calculated by the sum of the gray
values of all the pixels in the image divided by the number of pixels. The closer the gray
average value to the multi-spectral image average, the smaller the spectral distortion;
standard deviation provides a measure of the dispersion of image gray level intensities.
The larger the standard deviation, the more scattered the gray level distribution, and the
larger the contrast of the image, the more convenient the information extraction. The
concept of information entropy describes how much information is provided by the image.
Average gradient measures the gradient magnitude of an image and takes the variation of
each of the adjacent pixels into account. The larger the average gradient, the higher the
sharpness of the image.

Correlation coefficient is the correlation between images, which is a statistical measure
of the strength of the relationship. The larger the correlation coefficient between the fused
image and the multi-spectral image indicates that the higher the degree of integration of
high-frequency information, the smaller the degree of image spectral variation. Spectral
distortion is a measure of mismatch between two signals based on their spectral properties.
The greater the degree of distortion, the higher the degree of spectral distortion of the
image. Bias index is an index of the deviation degree between the fused image and the
low-resolution multispectral image. The smaller the deviation index, the higher the spectral
information retention of the image before and after fusion.

2.3.2. CQyax Index

This study applies a novel methodology for image quality evaluation based on the
coefficient, namely, the CQjsx index [29], to evaluate the fused image. The approach
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includes limited space lag coefficients and uses space lag quantities () to calculate the
maximum value of the CQ coefficient [10]. The coefficient must be larger than a specified
threshold provides a coefficient that is independent of the direction as is stated in the
following definition:

CQmax(x,y) = ICQ(x,y,h)| M

max
{heHw:p(h)>po}

where py € (0,1) is a known threshold, typically pg = 0.75, and p (-) is the proportion
of pixels in the image associated with the computation of CQ in the direction k. This CQ
coefficient depends on the spatial lag, &, a separation vector between observations X (s) and
X (s + h) in an image, defined as:

CQ(x,y,h) = 1(x,y)" - c(x,y)P - sc(x,y,h)" 2)
2xy +¢1
I(x,y) = ——5—— 3
(x, ) 2174 3)
2
c(ry) = VT )

sx2 45,2+

<AhX, Ah]/> +c3
|Anx|] - [[Any|| +c3

SC(x/y/h> = | (5)

Here, I(x,y)c(x,y) and s¢(x, y, h) are functions describing the similarity of brightness,
contrast, and structural components, respectively [30]. The parameters «, 3, and y indicate
the weights of these components, respectively. In general, « = § = = 1. In addition, ¥
and 7 denote the mean values of the image. Let x, y €RY, be two images. sy and s, are
the variance of the image, and A,x = (xx — xk15) Apy = (Yk — Yxun) are the spatial lag in
the h direction. There are at least two ways of choosing suitable values of h depending
on the available knowledge about a certain direction of interest. If there is information
about h, the CQ index can be computed in that particular direction. The constants cy,c;, and
c3 are non-negative small real numbers included to avoid instability when X + ¥ is close
to zero [31]. If x and y respectively represent fusion and reference images, the resulting
CQ value serves as an evaluation index for fusion quality. The CQ,x term quantifies the
similarity between images based on the maximum co-scattering coefficient. Larger values
of CQpay indicate a higher degree of similarity and more accurate fusion results.

3. Results

Panchromatic and multispectral images from these three different satellite sensors
were used for fusion covering the same aquaculture culture site. All the images produced
and reported in the following Figures are natural color or true color, combined with RGB
bands and displayed with 2% linear stretching in ENVI. The images provide an intuitive
visual experience of the fusion effect.

3.1. Enclosure Aquaculture Fusion Evaluation

Fusion results using GF-1, GF-2, and WV-2 data from the seine culture area exhibited
improved spatial resolution, compared with the original multispectral data, as seine nets
are more visible in the images. Spectral preservation is also evident as the color of each
fused image is closer to the original multispectral data. Color saturation and contrast have
also been improved to varying degrees. For the GF-1 (see Figure 4), PCA and NNDiffuse
results are slightly brighter than the original multispectral images. Texture and edge details
are also more prominent in the NNDiffuse results, which is conducive to information
extraction. For the GF-2 (see Figure 5), the color and contrast of the GS fusion images are
higher than in the original multispectral data. The NNDiffuse results also exhibit clear
texture, obvious edges, and an enclosure seine structure that appears bright in the image.
The image produced by PCA fusion is also bright overall. For the WV-2 (see Figure 6), the
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color of the NNDiffuse results is closest to the original multispectral images. The contrast
between the floating rafts and the bodies of water is obvious. GS and PCA fusion results
are generally bright and the water is a light green color.

GF-1 PAN

Figure 4. Comparison of fusion effects for GF-1 data for enclosure seine culture.

GF-2 PAN

GEF-2 NNDiffuse . GF-2 PCA

Figure 5. Comparison of fusion effects for GF-2 data for enclosure seine culture.
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WV-2 PAN

WV-2 NNDiffuse

WV-2 PCA

Figure 6. Comparison of fusion effects for WV-2 data for enclosure seine culture.

3.1.1. GF-1 Fusion Evaluation

Fused GF-1 images (Figure 4) from the enclosed aquaculture area were assessed
using seven indicators (Appendix B). The amount of information in the entropy values is
mainly used to observe the ability to maintain details before and after image fusion. The
information entropy in an image quantifies the richness and diversity of data in the form of
feature statistics. Table 2 shows that the information entropy in the GS fusion images was
higher than in the original multispectral data, indicating that the information contained in
the GS fusion image is richer. In contrast, the entropy of the PCA and NNDiffuse results is
zero. This is likely because the GF-1 grayscale values and range are too large and the bands

are too interdependent.

Table 2. Quantitative evaluation results for GF-1 data for enclosure seine culture.

Gray Mean

Standard

Information

Average

Correlation

Spectral

GF-1 Band Value Deviation Entropy Gradient Coefficient  Distortion Bias Index
Band1 241.31 27.52 6.29 6.30 0 0 0
MS Band2 240.13 33.84 6.67 9.77 0 0 0
Band3 170.81 42.01 6.88 8.45 0 0 0
Band4 121.72 55.78 7.09 8.77 0 0 0
Band1 460.57 208.45 9.47 41.50 —0.01 184.01 0.76
Gs Band2 609.64 249.43 9.77 47.57 —0.03 376.00 0.79
Band3 687.72 291.96 9.93 51.42 0.09 136.17 0.76
Band4 1181.08 450.31 10.63 61.66 0.15 1059.36 10.43
Band1 57.25 13.81 0 3.97 —0.02 234.53 0.99
ff Band?2 49.60 13.48 0 3.52 —0.02 190.53 1.60
NNDiffuse  pangs 39.19 12.69 0 2.87 0.06 131.62 117
Band4 20.53 10.49 0 1.66 0.14 101.18 0.80
Band1 50.76 17.40 0 3.48 —0.03 190.55 0.79
CA Band2 43.85 16.87 0 3.01 —0.03 196.28 0.81
P Band3 34.64 15.58 0 2.49 0.09 517.24 0.79
Band4 17.43 13.41 0 1.86 0.15 104.29 0.84
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Standard deviation was used to evaluate grayscale divergence in the images. As seen
in Table 2, the standard deviation of PCA and NNDiffuse results was similar to that of the
original data, producing a single image level. In contrast, the GS fusion images are colorful,
contain more information, and exhibit a larger standard deviation. The texture in the image
is clear, the features of the ground are obvious, and the imaging effect is excellent. The
average gradient of each band in the GS images is larger than in the original fusion data.
The gray level difference is also large in Band 4 and the information is diverse. Based on
this, it can be applied to image feature extraction or color synthesis. The grayscale mean
and standard deviation followed a similar pattern, with larger gray levels in the GS images
producing richer image levels.

Spectral fidelity is primarily used to compare original multi-spectral images with fused
results. This study investigated the effects of bias index and the degree of spectral distortion
present in the fused data. Table 2 shows that the bias index and spectral distortion of the
fused images are much larger than the original multispectral data, with varying degrees
of spectral distortion present in each band. It is evident that spectral distortion is higher
because the fusion will cause spectral distortion, and the image fidelity will be affected, but
the degree of influence is different. This value is smaller in B1, B3 (GS fusion), and B4 (PCA
fusion), indicating these bands preserved spectral fidelity. The bias index was smaller in B1,
B2, and B3 (GS fusion) than with other fusion techniques, indicating high spectral retention.
Correlation coefficients in the B3 (GS) and B4 (PCA) bands were large, indicating image
information was uniform after image fusion. This coefficient was negative for the GS and
NNDiffuse techniques in B2, but other bands showed a higher correlation. The gray mean
value in B4 was particularly high, suggesting the image was disturbed by noise during
phase formation. In general, GS fusion is optimal for GF-1 data.

3.1.2. GF-2 Fusion Evaluation

Table 3 shows the quantitative results of seven statistical indexes for GF-2 fusion
images (Figure 5). In Table 3, the standard deviation in the four PCA bands is higher than
that of other fusion techniques. The grayscale divergence produced by PCA fusion is also
high, suggesting these images contain the most spatial information. The NNDiffuse results
also exhibit high divergence and include more information in each band. It is evident
that the information entropy in each band of the fused images is higher than that of the
corresponding multi-spectral data. The four PCA bands exhibit the highest information
entropy, indicating the information contained in each band is richer than in other fused
images. The correlation coefficient is also higher in the fused images than in the original
multispectral data. Specifically, PCA fusion produced the highest correlation coefficients
in each band (among fusion techniques), suggesting the information is more uniform in
these results.

According to the value of the correlation coefficient, PCA fusion also produced the
highest information retention rates in each band to the original multispectral data, al-
though PCA can result in a loss of spectral information. In contrast, the spectral distortion
and deviation index produced in each band by GS fusion were the lowest among fusion
techniques, suggesting spectral information retention to be higher with GS fusion. The
gray mean value of Bl and B2 in the NNDiffuse results was closest to that of the original
multispectral images. The same was true for B3 and B4 in the PCA fusion results. The result
shows that NNDiffuse and PCA are similar. Comprehensively considering the amount of
information included in the image and the degree of spectrum retention, NNDiffuse could
be considered more optimal for GF-2 data in the enclosure seine farming area.
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Table 3. Quantitative evaluation results for GF-2 data for enclosure seine culture.
Gray Mean  Standard  Information  Average Correlation Spectral .
GE-2 Band Value Deviation Entropy Gradient Coefficient  Distortion Bias Index
Band1l 369.58 52.78 7.14 12.44 0 0 0
MS Band2 283.33 54.65 7.40 16.08 0 0 0
Band3 213.50 66.09 7.68 16.38 0 0 0
Band4 162.62 68.52 7.89 15.11 0 0 0
Band1l 348.31 37.99 6.99 7.06 0.04 4490 0.11
Gs Band2 256.70 46.07 7.38 8.11 0.03 50.51 0.17
Band3 200.05 60.68 7.66 9.41 0.13 60.17 0.27
Band4 162.62 62.71 7.73 6.78 0.22 63.73 0.47
Bandl1 365.35 68.59 7.78 18.69 0.03 57.28 0.15
NNDiff Band2 282.42 63.90 7.81 14.90 0.02 57.62 0.20
TS Band3 203.16 72.56 7.94 12.39 0.12 65.15 0.30
Band4 173.00 65.93 7.81 9.71 0.23 65.96 0.50
Band1 338.85 80.12 8.06 17.24 0.05 73.68 0.19
PCA Band2 262.37 77.43 8.08 13.64 0.04 70.82 0.24
Band3 217.93 84.43 8.17 11.28 0.14 73.96 0.34
Band4 160.79 83.76 8.16 11.28 0.23 75.44 0.56
3.1.3. WV-2 Fusion Evaluation
As shown in Table 4, the gray mean values in B1, B3, and B4 (GS fusion) are larger and
contain more information. The gray mean value in each band of the NNDiffuse results is
closer to each band of the original multispectral data, indicating the information content
is closer to the original multispectral images. The standard deviation in the B1, B2 (PCA),
B3, and B4 (NNDiffuse) bands is high, indicating the grayscale divergence is also high.
The contrast is relatively high, particularly in the B2, B3, and B4 bands where the average
gradient, layering, and image sharpness are high. The information entropy value in each
PCA band is also higher than in other images, indicating more information content. The
correlation coefficients in Bl and B2 are higher and the information is more uniform.
Table 4. Quantitative evaluation results for WV-2 data for enclosure seine culture.
Gray Mean  Standard  Information  Average Correlation Spectral .
Wv-2 Band Value Deviation Entropy Gradient  Coefficient  Distortion Bias Index
Bandl 242.78 47.58 6.24 10.51 0 0 0
MS Band2 413.81 77.75 7.18 18.17 0 0 0
Band3 230.29 106.68 7.71 21.73 0 0 0
Band4 239.77 216.10 7.80 30.44 0 0 0
Bandl 241.04 40.81 6.76 5.26 —0.06 39.24 0.15
GS Band2 319.48 71.53 7.58 7.58 —0.04 66.97 0.20
Band3 250.67 100.53 7.93 7.36 0.01 96.35 0.41
Band4 285.53 218.18 8.07 9.58 0.25 180.01 1.06
Band1 241.30 35.11 6.26 5.15 —0.01 32.94 0.12
NNDiff Band2 320.56 67.18 717 7.60 0.01 59.79 0.18
Huse Band3 247.81 104.89 7.63 7.62 0.07 91.09 0.38
Band4 252.25 224.58 7.61 10.34 0.25 168.68 0.85
Bandl1 238.53 47.76 6.98 8.44 —0.06 42.04 0.16
PCA Band2 315.84 72.57 7.70 10.74 —0.04 68.03 0.20
Band3 248.23 97.65 7.97 9.83 0.01 96.15 0.41
Band4 283.60 215.12 8.22 13.88 0.25 179.63 1.05

Although each fused image (Figure 6) exhibited a certain degree of spectral deviation
and information loss, GS and PCA fusion generally produced the least spectral distortion.
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This effect was minimal in NNDiffuse results, which is evident from the visual content
interpretation and spectral retention analysis. As such for WV-2, PCA fusion is optimal for
identifying and extracting coastal zone aquacultures.

3.1.4. Image Fusion Evaluation Index—CQax

All the fusion results were evaluated using the CQj;x index (see Figure 7). As shown
in Figure 7, larger values of CQyuay indicated better fusion results, in which the fused
image was more similar to the original multispectral image. The figure shows fusion
results produced by three different methods applied to GF-1 data: PCA (0.0281), NNDiffuse
(0.0257), and GS (0.0154). The CQx values for PCA and NNDiffuse results are similar,
indicating the two techniques are superior, with PCA slightly outperforming NNDiffuse.
These panchromatic and multispectral fusion methods were also applied to GF-2 data,
producing the following CQyqx values: NNDiffuse (0.0322), PCA (0.0312), and GS (0.0307).
These effects are similar, with NNDiffuse producing the best results. Results using WV-2
data were as follows: NNDiffuse (0.0427), GS (0.0177), and PCA (0.0176). In this case, the
NNDiffuse technique produced the best results, indicating the fused image was closest to
the original multispectral data.
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Figure 7. CQyay of fusion results in the enclosure seine culture area.

The CQux index was used to evaluate fused enclosure seine images for comparison
with the initial multispectral images. As shown in Figure 7, PCA produced the best fusion
results for GF-1 data, while NNDiffuse produced the best results for GF-2 and WV-2 images.
Among these, NNDiffuse applied to WV-2 data produced the best results. However, this
result is not completely consistent with the previous ones.

3.2. Raft Culture Zone Fusion Evaluation

The applied fusion techniques have improved the spatial information in the floating
raft areas of the GF-1, GF-2, and WV-2 data. The rafts can be clearly seen in each of the
fused images and the outline of the breeding area can be easily distinguished. However,
the contrast is poor between the floating rafts and the bodies of water, which are connected
in the breeding area. The number of rafts cannot be identified, primarily because the
resolution of the GF-1 data is lower than that of the GF-2 and WV-2 images. Each fused
image has maintained its spectrum, resembling the color of the original multispectral data,
for the GF-1 (see Figure 8), GS and PCA fusion results are closer to the original images.
Water in the NNDiffuse results appears dark green, which is more prominent than the
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floating raft cultures in the image. For the GF-2 (see Figure 9), the color and texture of
the image after GS and NNDiffuse fusion is closest to the original multispectral images.
The contrast is also higher and some brighter spots have been added to the edges of the
floating rafts in the NNDiffuse results. In comparison, the PCA fusion result is dark and
the contrast is poor between floating rafts and water, which is not conducive to object
identification or extraction. For the WV-2 (see Figure 10), the color in the GS and PCA
fusion images is brighter. The water is dark blue in the GS results and light blue in the PCA
results. The color in the NNDiffuse images is closest to the original multispectral data, with
high contrast between the water and the floating rafts.

GF-1 MS GF-1 PAN
GF-1 GS GF-1 NNDiffuse GF-1 PCA

Figure 8. Comparison of fusion effects for GF-1 data for floating raft culture.

GF-2 MS GF-2 PAN
GF-2 NNDiffuse GF-2 PCA

Figure 9. Comparison of fusion effects for GF-2 data for floating raft culture.
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WV-2 PAN

WV-2 NNDiffuse

Figure 10. Comparison of fusion effects for WV-2 data for floating raft culture.

3.2.1. GF-1 Fusion Evaluation

As shown in Table 5, the average gradient of the rafts in each band of the fusion images
(Figure 8) is higher than that of the original multi-spectral data, indicating the definition of
each fused image has been improved to some degree. The standard deviation, information
entropy, and average gradient of the B1, B2, and B3 bands in the NNDiffuse results are
higher, indicating clear detail and diverse textural information. The standard deviation
and information entropy in the B4 band of the PCA fusion results are higher than with
other techniques. The average gradient in the B4 band of the GS fusion results is also
higher than with other techniques. Correlation coefficients in the B3 and B4 bands of the
NNDiffuse results are higher, indicating the gray levels of each band are scattered and the
information is uniform. The spectral distortion and the deviation index were the smallest
in each NNDiffuse band, indicating lower spectral information loss and higher spectral
fidelity. The spectral retention produced by GS fusion is lower than with NNDiffuse and the
gray mean value of each NNDiffuse band is closest to the gray mean value in the original
multispectral images. This suggests the NNDiffuse method is capable of maintaining
spectral characteristics, producing the best overall effect.

The NNDiffuse technique produces the best fusion results for GF-1 data in floating
raft culture areas, as measured by qualitative and quantitative comprehensive evaluations.



Appl. Sci. 2022,12,1170 14 of 19
Table 5. Quantitative evaluation results for GF-1 data from a floating raft culture area.
Gray Mean  Standard  Information  Average Correlation Spectral .
GF-1 Band Value Deviation Entropy Gradient Coefficient  Distortion Bias Index
Band1l 256.57 4.53 4.20 0.78 0 0 0
MS Band2 246.70 6.61 4.76 1.21 0 0 0
Band3 143.39 6.55 4.69 0.88 0 0 0
Band4 67.99 4.87 4.29 0.97 0 0 0
Band1l 195.62 4.82 4.27 1.43 0.17 50.95 0.21
Gs Band2 195.48 6.08 4.61 1.49 0.28 51.22 0.21
Band3 102.91 5.06 4.35 1.13 0.29 40.47 0.28
Band4 26.52 4.53 4.16 1.26 0.12 4147 0.61
Bandl1 245.11 6.81 4.73 243 0.14 6.74 0.03
NNDiff Band?2 245.42 7.88 4.96 242 0.23 9.06 0.04
TS Band3 141.54 5.56 4.49 143 0.28 7.63 0.05
Band4 67.82 3.81 3.95 0.80 0.20 5.42 0.80
Band1 190.01 4.81 4.28 1.42 0.18 56.58 0.23
PCA Band2 189.88 6.02 4.59 1.46 0.28 56.82 0.23
Band3 98.57 5.05 4.35 1.14 0.28 44.82 0.31
Band4 22.51 4.62 4.20 1.24 0.12 45.48 0.67
3.2.2. GF-2 Fusion Evaluation
As shown in Table 6, the standard deviation, information entropy, and the average
gradient of B1, B2, and B3 bands in the NNDiffuse results are higher than in other fused
images (Figure 9). This indicates the three bands include the highest number of gray
levels, the most spatial information, and the most detailed texture. The maximum standard
deviation, information entropy, and average gradient occurred in B4 of the GS fusion results.
The correlation coefficients in the fused bands were higher than in the original multispectral
bands, indicating the information to be more uniform. Information inclusion was highest
with the NNDiffuse algorithm, which produced the lowest spectral distortion and deviation
index in each band. It also produced the highest levels of spectrum preservation, as the gray
mean value in each band of the fused images was closest to the original multispectral data.
These results suggest NNDiffuse is the most capable of maintaining spectral characteristics,
particularly for GF-2 data, followed by GS fusion.
Table 6. Quantitative evaluation results for GF-2 data from a floating raft culture area.
Gray Mean  Standard  Information  Average Correlation  Spectral .
GE-2 Band Value Deviation Entropy Gradient  Coefficient  Distortion Bias Index
Bandl1 365.22 4.65 3.99 1.38 0 0 0
MS Band2 281.02 5.77 4.25 1.38 0 0 0
Band3 157.28 9.09 4.32 1.26 0 0 0
Band4 58.15 10.60 3.75 0.28 0 0 0
Bandl 279.78 12.89 4.59 528 0.04 85.56 0.23
GS Band2 213.61 9.97 447 4.07 0.03 67.49 0.24
Band3 103.82 8.70 3.96 3.21 0.08 53.56 0.34
Band4 81.63 8.80 4.01 2.05 0.03 9.78 0.16
Band1l 361.97 23.59 5.58 9.93 0.04 13.87 0.04
NNDiff Band2 277.39 17.97 5.29 7.57 0.03 11.67 0.04
HUse Band3 150.20 10.68 428 427 0.03 8.73 0.05
Band4 56.26 5.78 3.64 1.17 0.03 2.05 0.03
Bandl1 261.14 13.14 4.56 5.30 0.01 104.13 0.29
PCA Band2 199.04 10.17 4.49 4.16 0.03 82.02 0.29
Band3 93.10 8.65 4.04 3.24 0.09 64.22 0.41
Band4 25.89 7.75 1.92 1.89 0.03 11.56 0.20
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3.2.3. WV-2 Fusion Evaluation

Figure 10 shows the fusion results of WV-2 for a floating raft culture area. Table 7 gives
the quantitative evaluation results for WV-2 fusion data.

Table 7. Quantitative evaluation results for WV-2 data from a floating raft culture area.

Gray Mean  Standard  Information  Average Correlation  Spectral

Wv-2 Band Value Deviation Entropy Gradient  Coefficient  Distortion Bias Index
Band1 231.59 3.45 3.62 2.24 0 0 0
MS Band2 302.74 741 4.67 3.51 0 0 0
Band3 198.27 9.08 5.10 3.36 0 0 0
Band4 97.99 10.61 4.73 5.20 0 0 0
Band1 219.43 12.87 4.57 4.58 0.03 16.07 0.07
Gs Band2 286.38 17.47 5.40 6.12 0.02 21.70 0.07
Band3 186.29 17.56 5.68 491 0.07 19.29 0.10
Band4 92.01 23.74 5.79 5.39 0.04 19.34 0.19
Band1 235.55 12.83 4.80 5.06 0.02 7.32 0.03
NNDiff Band2 307.96 17.38 5.56 6.73 0.02 12.17 0.04
Huse Band3 202.27 17.01 5.69 491 0.10 15.74 0.08
Band4 105.76 21.35 5.49 4.49 0.04 14.03 0.14
Band1 241.88 13.93 5.13 5.08 0.04 11.70 0.05
PCA Band2 314.94 19.25 5.85 6.73 0.01 16.01 0.05
Band3 207.90 17.43 5.79 5.14 0.01 15.74 0.08
Band4 118.16 22.76 5.95 6.90 0.06 22.70 0.23

The standard deviation, information entropy, and average gradient in each band of
the fused images (Figure 10) are higher than in the original multispectral data, indicating
that each image contains more information after fusion. The standard deviation in the Bl
and B2 bands of the PCA results is higher than with other fusion modalities. The standard
deviation in the B3 and B4 bands of the GS results is also higher, indicating increased
grayscale contrast. The information entropy, average gradient, and correlation coefficient in
each band of the PCA fusion results are higher than in other fusion images, indicating the
PCA data contain diverse and well-distributed information. These images exhibit higher
definition and the best fusion effects.

The fused images exhibit varying degrees of spectral distortion, deviation, and infor-
mation loss. The spectral distortion and the deviation index of each band are the smallest
in the NNDiffuse results. The spectrum remains unaltered, which is consistent with a
visual inspection. Gray mean values in the B1, B2, and B3 bands of the NNDiffuse results
are closest to the original multispectral data. Although the PCA results exhibit a little
larger degree of spectrum distortion, PCA is more suitable for WV-2 because the informa-
tion retention of PCA is higher than the NNDiffuse images, which is more important to
information extraction.

3.2.4. Image Fusion Evaluation Index—CQyx

Figure 11 shows the CQy;q¢ values of three fusion algorithms applied to the floating
raft culture area. Results from panchromatic and multispectral GF-1 data were: PCA
(0.0163), NNDiffuse (0.0171), and GS (0.0173). The CQysx values for NNDiffuse and GS
were relatively close, indicating the GF-1 fusion effects were similar. Evaluation results
were highly similar to qualitative and quantitative assessments. Results for panchromatic
and multispectral images from GF-2 data sources were as follows: PCA (0.0338), NNDiffuse
(0.0429), and GS (0.0364). In this case, the CQuqx value was the largest for NNDiffuse,
indicating the best fusion effect. The CQyqy values for PCA, NNDiffuse, and GS from
panchromatic and multispectral WV-2 data were 0.0498, 0.0458, and 0.0489, respectively.
The CQyqx value was the largest for PCA, indicating the best fusion effect. Therefore, the
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CQuuax index was successfully used to evaluate fusion results for multispectral images of a
cultured floating raft area, validating the feasibility of the proposed methodology.
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Figure 11. CQjyqx of fusion results in the floating raft culture area.

4. Conclusions

Remote sensing technology is gradually replacing manual field surveys as high-
resolution data are applied to aquaculture at multiple levels. China’s ground observation
system acquires high-resolution data in an attempt to modify conventional optical remote
sensing technology. This study used GF-1, GF-2, and WV-2 remote sensing data to perform
PCA, GS, and NNDiffuse fusion for images from enclosure seine and floating raft culture
areas. Quantitative evaluations with seven statistic indexes and CQju,x were performed
separately for the different data sources and aquiculture areas with qualitative evaluations.

The experimental analysis shows that the fusion processed images are clearer in
spatial structure than the original image and provide more information after fusion, which
illustrates the importance of fusion. Various methods can improve the spatial resolution of
the original image but can also cause changes to the spectral information of the original
image. The application background for this study is aquaculture information extraction,
especially enclosure seine culture areas and floating raft culture areas. In addition to
water, aquaculture facilities on the water are the targets to be identified, even a single
culture raft. The distance between the features is close and the distribution is dense, so
the boundary feature extraction is very important. This study not only uses statistical
quantitative methods but also the CQ,;sy index and visual interpretation to evaluate the
fusion image, comparing and analyzing the evaluation results of the three image fusion
methods. Visual interpretation is more intuitive and simpler but lacks data support,
whereas the statistical method can comprehensively evaluate the impact after the fusion
(seven statistical indicators introduced). The statistical evaluation is objective and accurate,
but its calculation and process are cumbersome. The CQy index is applied to image
evaluation. Although the calculation process is simple, the evaluation results are not based
on specific indicators but are instead directly obtained by program algorithms [29]. The
study results show that the conclusion of the CQ,;,y evaluation and the evaluation results
of statistical parameters are not completely consistent.

As shown in Table 8, according to the quantitative evaluation results of seven statistic
indexes for the enclosure seine culture area, the optimal fusion methodology varied with
the data type. GS fusion produced the best results for GF-1 images, and PCA fusion was
optimal for GF-2 and WV-2 data sources. In the background of floating raft culture areas,
NNDiffuse produced the best fusion results for GF-1 and GF-2 data sources, and PCA
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fusion was optimal for integrating WV-2 data. The CQj;x metric was used to compare
image quality for three multispectral data sources fused with varying modalities [29]. For
the enclosure seine culture area, the results showed PCA to be optimal for GF-1 data.
NNDiffuse was optimal for GF-2 and WV-2 data, with little variation in the GF-2 results.
For the floating raft culture area, NNDiffuse was also optimal for GF-1 and GF-2 data,
and PCA was optimal for WV-2 data, which is consistent with the results of qualitative
and subjective evaluations. Therefore, we can see that the two conclusions of quantitative
evaluations are different for the enclosure seine culture area, while for the floating raft
culture area, the two conclusions are the same.

Table 8. The results of quantitative evaluations.

Aquaculture Type Quantitative Evaluation Method GF-1 GF-2 WV-2
Endl . | Seven statistic indexes GS PCA PCA

nclosure seine culture CQumax PCA NNDiffuse NNDiffuse
Floating raft culture area Seven statistic indexes NNDiffuse NNDiffuse PCA
& CQmax NNDiffuse NNDiffuse PCA

In terms of improving the spatial resolution of the image, PCA and NNDiffuse perform
better in spatial detail enhancement, which has a high degree of image definition and
information. The GS fusion method is not very effective and should not be used as a basic
image for classification. Note that no matter what kind of remote sensing data source, the
image will be distorted to a certain degree after fusion. Therefore, in all, NNDiffuse and
PCA have some extent of advantage in high-resolution image fusion, being better in both
spatial information enhancement and spectral preservation. The edges of the cultured
floating raft and enclosure seine are clear on the fusion image of these two methods, and
both the spatial texture and spectral information preservation are better. For WV-2, PCA
is better.

This study shows that no image fusion method is suitable for all remote sensing
data. The so-called “best” fusion method is relative. Different fusion methods should be
considered for each data type and image acquisition area. Preferred fusion techniques can
perform better in spectral inheritance, spatial resolution, and information diversity. As
such, at the same time in practical applications, the time efficiency of the algorithm and
the accuracy of the evaluation results are comprehensively considered to select the best
evaluation index. Meanwhile, for high-resolution remote sensing image fusion, there is
currently no standard for evaluating fusion quality.
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Appendix A

List of the main acronyms used in this paper.
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Description Acronym
Remote sensing RS
Ground sampling distances GSD
Multispectral MS
Panchromatic PAN
Hyperspectral HS
Principal component analysis PCA
Gram-Schmidt GS
Nearest neighbor diffusion NNDiffuse
Gaofen-1 GF-1
Gaofen-2 GF-2
WorldView-2 WV-2

Appendix B
Quantitative evaluation indexes of gray mean value, standard deviation, information

entropy, average gradient, correlation coefficient, spectral distortion, and bias index
Feature

Name

Expression

Gray mean Value

The closer the average value is to the
multi-spectral image average, the smaller
the spectral distortion.

A(Mean) = gy Z Z Al f)
i=1j=
M and N are the numbers of image rows and columns,
and A (i, j) is the gray value of the corresponding pixel.

Standard deviation

The larger the standard deviation, the
more scattered the gray level distribution,
the larger the contrast of the image, and
the more convenient the information
extraction.

S(std) = | B E(AG)AG))”
M and N are the numbers
of rows and columns of the image and A(i,j) — A(3, f) is
the difference between the gray level and average gray
level of each pixel.

The larger the entropy value of the fused

Information entropy

H(entropy) = *Z?ﬁl P;InP;
M is the maximum gray level of the image, and P; is the
probability of gray level i.

image, the more the information of the
fused image increases.

Average gradient

G(grad) = G tiet Lt

|:)2)ny BF,H/‘}

The larger the average gradient, the
clearer the layers of the image and the
higher the sharpness of the image.

M and N are the numbers
of rows and columns of the image. F (i, j) is the gray value

at (4, j). ap( Fy) ang ap(x ) are the gray value changes of

the fuswn 1mage in the x and y directions, respectively.
The larger the correlation coefficient

Correlation coefficient

between the fused image and the
multi-spectral image indicates that the
higher the degree of integration of
high-frequency information, the smaller
the degree of image spectral variation.

Mol T [(F(i)—er)(8 ('J’) )]
C(f’g): M—1 \1\1/1 = —1
\/ im0 Lj—o |(f(ij)—er) ] \/ (i) —eg) ]
¢rand eg are the averages of the two 1mages and Mand N
are the height and width of the images, respectively.

Spectral distortion

W(warp) = gy M SN E G, ) — A )|
M and N are the numbers of rows and columns of the
image, F (i, j) represents the gray value of the fusion
image, and A (i, j) is the gray value of the original
multispectral image.

The greater the degree of distortion, the
higher the degree of spectral distortion of
the image.

Bias index

D(bras) = 3t M, Z]N . J)(l])(l,])\
M and N are the numbers of rows and columns of the
image, F (i, j) represents the gray value of the fused image
and A (i, j) represents the gray value of the original
multispectral image.

The smaller the deviation index, the
higher the spectral information retention
of the image before and after fusion.
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