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Abstract: Spectral encoding is an important way of describing spectral features and patterns. Tradi-
tional methods focused on encoding the spectral amplitude information (SAI). Abundant spectral
shape information (SSI) was wasted. In addition, traditional statistical encoding methods might only
gain local adaptability since different objects should have their own best encoding scales. In order to
obtain differential signals from hyperspectral images (HSI) for detecting ground objects correctly, a
multi-scale encoding (MSE) method with SSI and two optimization strategies were proposed in this
research. The proposed method concentrated on describing the SAI and SSI of the spectral reflectance
signals. Four widely used open data sets were adopted to validate the performance of the proposed
method. Experimental results indicated that the MSE method with SSI could describe the details of
spectral signals accurately. It could obtain excellent performance for detecting similar objects with a
small number of samples. In addition, the optimization strategies contributed to obtaining the best
result from dynamic encoding scales.

Keywords: hyperspectral images; image analysis; multi-scale encoding; spectral description

1. Introduction

Hyperspectral remote sensing technology collects the reflectance signals from the
surface. It is important for large-scale earth observations. Hyperspectral imaging (HSI)
can provide abundant spectral signals for detecting ground objects [1-3]. Spectral signal
encoding methods are effective solutions for hyperspectral imaging because they can
express spectral information and weaken noise influences [4-6]. In addition, spectral
encoding methods can describe the spectral features directly. Detection methods based on
the spectral code words can produce mapping results accurately compared to traditional
spectral matching methods [7]. Therefore, research on spectral encoding methods plays an
important role in applications utilizing HSL

The existing spectral encoding methods adopted two ways to express spectral signals
for detecting objects in HSI: encoding spectral amplitude information (SAI) and encoding
spectral shape information (SSI) [8]. However, the majority of methods tended to only use
the encoded SAI to recognize ground objects. For example, Jia and Richards used the binary
coding method for fast spectral matching and classification [9]. Although it contributed to
fast classification, it could not obtain excellent identification results because SAI encoding
results were not enough to detect ground objects accurately, especially for similar objects.
SSI was essential for translating spectral signals in detail. As a result, Chang et al., came up
with a spectral derivative feature coding method to define SSI [10]. It provided an excellent
solution for expressing spectral details. Many later methods used this strategy to describe
SSI directly. Jiao et al., proposed a spectral DNA encoding method combining SAI and
SSI for HSI classification [11,12]. This method could produce excellent imagery results
because it used genetic algorithms and evolutionary computation to create and change
the adjective code words for the matching and detecting processes. However, the original
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spectral DNA encoding method just encoded the SAI into only four kinds of code letters,
namely, T, C, A, and G. In addition, it defined nine types of SSI into the four code letters
as well. This meant that the detailed spectral information could not be mined from the
original spectral DNA [13]. In 2016, based on the spectral DNA encoding method, a method
of reference [8] was proposed to extract specific spectral DNA fragments for representing
objects in hyperspectral images. It demonstrated exceptional classification performance.
However, the spectral DNA fragments were obtained by an evolutionary computation
strategy that was random. Thus, it was not suitable for describing hyperspectral stability.
In 2022, Zhao and Tan proposed a spectral gene extraction (SGE) method based on the
spectral DNA encoding method [14]. Specific spectral DNA fragments were extracted from
the DNA-encoded spectra. It avoided the instability caused by evolutionary computation.
The SGE method seemed proper for expressing hyperspectral images. However, since the
SGE method came from the spectral DNA encoding method, it could only obtain rough
spectral information.

Spectral signal encoding methods determined the mapping performances to a great
extent [15,16]. Excellent spectral encoding methods must describe spectral information
comprehensively [17]. Both SAI and SSI should be considered in the encoders to enhance
identification abilities [18,19]. In addition, some spectral details should be hidden under the
encoding results on different scales [20-22]. Static encoding methods, such as binary coding
(BC) and the four-value coding (FVC) method, might only gain local performance [23-26].
Aiming at these problems, a multi-scale spectral encoding (MSE) method with SSI was
proposed in this research for HSI. Firstly, it encoded the SAI and SSI into code sequences on
dynamic scales. Then, the spectral code sequences were combined to describe the original
spectral features. Finally, the objects in HSI were determined by matching the spectral code
words. Two iteration strategies were established to obtain optimized results under the
dynamic scales. The innovation of the proposed method was that SAI and SSI were both
expressed in the proposed method. In addition, the MSE method with SSI translated SAI
into dynamic scales. It used many code elements to translate the original spectral signals.
Thus, the proposed method could mine more spectral details hidden in the original spectral
data compared to traditional methods.

In this research, three experimental data sets were adopted to examine the performance
of the MSE method with SSI. The experimental results indicated that the proposed method
could obtain excellent performance in detecting all kinds of ground objects. According to
the experiments and discussions, it was concluded from this research that: (1) the MSE
method with SSI could describe spectral signal details comprehensively and accurately.
(2) The proposed method contributed to object detection in HSI with small samples.

2. Materials and Methods

The proposed method consisted of the MSE method, the SSI encoding method, and
the iteration optimization process. In the proposed method, the spectral amplitude and
shape information of HSI were transferred into code word sequences by the encoding
scales. Then, the best encoding scales were selected by the training and testing samples.
Finally, the categories of HSI pixels were determined by matching the best encoded code
words. The process of matching code words was optimized by an iteration strategy before
producing the final results. In the optimization process, overall accuracy (OA) and each
user’s accuracy (UA) were considered. In this research, four open and frequently-used
hyperspectral datasets were used to validate the performance of the proposed method. The
experimental datasets contained similar agricultural objects and urban objects. They were
suitable for evaluating the image expression ability of the proposed method.

2.1. MSE Method

Encoding scales determined the description ability of the original spectral information.
If the encoding scale was high, many code elements were used to describe the SAIL The
code strands contained much more detailed information. In the limit, the code strands were
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very close to the original spectrum. If the encoding scale was low, bits of code elements
were used to describe the SAIL The code strands contained a small amount of spectral
information. In the limit, the method degenerated into a binary coding method.
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Formulas (1)—(3) exhibited the calculations of the thresholds in the MSE method. TM
was the middle threshold. Ri was the reflectance value of the i-th band. N was the number
of bands. « was the coefficient of the middle threshold. TLH were the lower half thresholds
and j was the index of lower thresholds. TUH were the upper half thresholds and k was the
index of upper thresholds. Rpin and Rpax were the minimum and maximum reflectance
values of the spectra, respectively. E was the number of the code element. According to the
calculations, the original spectral signals of HSI and samples were encoded into code word
sequences. If the amplitude coefficient (alpha in Formula (1)) was higher than 1.0, the upper
half of spectral signals would be more detailed. On the contrary, the description of the
lower half spectral signals was more detailed. Thus, by adjusting the amplitude coefficient,
the MSE method could lean towards describing different spectral amplitude details.
Figure 1 shows the original hyperspectral signals and their multi-scale encoded results.
The original hyperspectral signals were nearly continuous. When the encoding scale was
two, the code strand was produced by two code elements: {0, 1} (Figure 1B). When the
encoding scale was four, the code strand was produced by four code elements: {0, 1, 2, 3}
(Figure 1C). The maximum encoding scale was thirty-six in this research: {0, 1,...9, A, B,
..., Z}. Figure 1E,F showed the code strands produced by thirty-four and thirty-six code
elements, respectively. It could be discovered intuitively that, with the encoding scale
reducing, more code elements were used to describe the original hyperspectral signals. In
addition, the code strands were more similar to the original hyperspectral signals.

2.2. SSI Encoding Method

Although the code strands produced by the MSE method could exhibit the SAI of the
original spectral signals directly, the MSE method could not describe the SSI of spectral sig-
nals directly. It meant that the original spectral signals were not fully described by the MSE
method. In order to describe spectral amplitude and shape information comprehensively,
the SSI was defined as 9 types and encoded from 0 to 8, according to the research by Chang
et al. Figure 2 shows the spectral shape definition and its code word.

N-1
L (Riy1—Ry)

S _ i=1
T° = B x N1 (4)

Formula (4) was used to calculate the gradients of adjacent spectral signals when
translating SSI. T was the threshold of the spectral signal gradient. 3 was the coefficient
of the spectral shape threshold. If the gradient of two adjacent spectral signals was less
than TS, the spectral shape was regarded as flat. If the gradient of adjacent spectral signals
surpassed T, the spectral shape was regarded as rising or declining according to the size
relationship between them. The spectral shape of every 3 adjacent spectral signals was
encoded according to the spectral shape types (Figure 2). If the coefficient was higher than
1.0, it was helpful to filter tiny spectral waveforms caused by noise. If the spectral shape
coefficient was lower than 1.0, small changes in spectral waveforms could be detected. It
was beneficial for distinguishing categories with apparent spectral differences.
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Figure 1. Hyperspectral signals of a tree (A) and their multi-scale encoded results (B-F).
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Figure 2. Spectral shape types and their code words.

After being encoded, the SSI code word sequences were added to the end of SAI
code words. In this way, the integrated spectral encoding results contained both spectral
amplitude and shape information comprehensively. Using the integrated spectral code
strands for feature matching and ground object detection was convenient and efficient.
The process of using the MSE method with SSI and detecting targets in HSI is shown in
Figure 3.

2.3. Iteration Optimization Process

Spectral code words could differentiate ground objects through matching calcula-
tions. However, different encoding scales led to different spectral code word sequences
by the MSE method with SSI. Ground objects might have different best encoding scales to
differentiate each other. Although the MSE method with SSI could describe the spectral
information of ground objects well, the static encoding scale might not obtain the optimal
global results. Thus, in this research, an iteration process was established to produce the
optimized result (Figure 4).
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Figure 4. Iteration optimization process of the MSE method with SSI. H: height, W: width, B: bands,
S: samples.

Step 1: Encode the HSI into spectral code spaces by using the MSE method with the
SSI according to scales.

Step 2: Encode all the samples uniformly and encode every category of samples,
respectively, by the MSE method with SSI according to scales.

Step 3: Match the encoded samples with the encoded image and obtain a local result.
For the unified encoding strategy, classification results could be produced directly. For the
respective encoding strategy, detection results were produced from abundance results.
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Step 4: Iterate the whole process according to the encoding scale. Every scale (corre-
sponding to code elements) is set up once per iteration.

Step 5: Calculate Kappa, OA, and UA based on the classification results and test area.

Step 6: Create a classification result from the detection results by the respective
encoding strategy according to the best UA in every category. Pick out the classification
result from the classification result using a unified encoding strategy according to the best
Kappa, resulting an output with a better result.

It should be noted that the best encoding scale for every category might be different.
However, classification was an integrated process. An encoding scale that was best for one
category did not mean that it was best for the others. Thus, two optimization strategies were
provided in the iteration process of the MSE method with SSI to produce the optimal result:
a unified encoding strategy (UES) and a respective encoding strategy (RES). For the UES,
all the categories were encoded by the same code element numbers. The results with the
best Kappa were produced as the final result. For the RES, every category must be encoded
by diverse code element numbers. The temporary detection result for each category was
used to calculate OA. The results with the best OA were gathered and produced the global
result. After the iteration optimization process, the better results from UES and RES were
output as the optimized result.

3. Results

In this research, four widely used HSIs were adopted to validate the performance of
the proposed method. The MSE method with SSI needed only a number of samples to
produce detection results. However, the methods based on Artificial Neural Net (ANN)
needed many samples to train the network [27-30]. It was inequitable to compare the
methods with the proposed method. Thus, we chose Minimum Euclidean Distance (MED),
Spectral Angle Mapper (SAM), Binary Coding (BC), Spectral DNA matching (SDM), and
Support Vector Machine (SVM) as contrast algorithms in this research. MED, SAM, and BC
had no adaptive parameters. The « was 1 and the 3 was 1 of SDM. The kernel function
of SVM was the radial basis function; the gamma in the kernel function was 0.02, and the
penalty in the kernel function was 1.00. All the methods did not have a hyperparameter
tuning process.

3.1. Experiment One

Experiment one was captured by the Airborne Visible Infrared Imaging Spectrometer
(AVIRIS) in Salinas Valley, California, U.S. The spatial resolution of the data was 3.7 m.
After removing water absorption bands (108-112, 154-167, and 224), 204 bands remained
for detecting ground objects. The size of the experimental image was 241 x 241 pixels.
There were eight kinds of objects contained in the experimental image: three kinds of
fallow, celery, stubble, grapes, and two kinds of brocoli. Since the experimental data was
open, reference data was also provided. The ground truth of the objects was marked in
different colors.

Table 1 provides the training samples (TS) and ground truth (GT) information for
experiment one. Figure 5A-H showed the false-color-composited image of experiment
one, the ground truth, and the results produced by the contrast algorithms. For SVM, the
gamma in the kernel function (radial basis function) was 0.005 and the penalty parameter
was 100. The amplitude and shape coefficients of the MSE method with SSI were both
1.0 in the experiment. From the results, it was discovered that all the algorithms except
BC could detect the labeled pixels in the experimental data. SDM performed poorly on
Fallow_smooth, and SAM performed poorly on Grapes. SVM and MSE methods with
SSI could detect the majority of ground objects correctly (Table 2). SVM produced some
incorrect results for Brocoli_1 and Brocoli_2. The MSE method with SSI could distinguish
them well because they had abundant differential code words (Figure 5]). However, the
MSE method with SSI produced some incorrect results for Fallow_smooth. In general, the
MSE method with SSI (E = 36) performed better than SVM in this experiment.
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Table 1. Ground objects and their samples for experiment one.

Brocoli_1 Brocoli_2 Fallow Fallow_Rough Fallow_Smooth  Stubble Celery Grapes
Training Sample 10 20 20 25 30 30 25 45
Ground truth 329 3437 1976 1394 2678 3959 3579 18,431

I - Fallow

l Fallow_rough

i - LA
Rellectance

I Fallow_smoot]
I B stubble
I B Celery
I | Grapes

(G)

Brocoli 1
Brocoli_2
Fallow h
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Code w
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S W,
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Figure 5. Composited image for experiment one (A), ground truth (B), and the detection results ((C)
MED, (D) SAM, (E): BC, (F) SDM, (G) SVM, (H) MSE methods with SSI, (I) spectra of the samples,
and (J) spectral code words of brocolo_1 and brocolo_2).

Table 2. Accuracy of the contrast algorithms in experiment one.

Value (%) MED SAM BC SDM SVM MSE with SSI
Kappa 94.2 93.6 84.4 95.2 97.1 97.5
OA 95.9 95.5 89.1 96.7 98.0 98.3

Figure 6 shows the encoding results of the samples in experiment one (=19, =1,
and E = 12). Since the main ground objects in experiment one were vegetation and farmland,
the spectra of them were very similar. However, the encoding results of the samples showed
that the differences in the spectral code strands could be observed directly. It indicated
that the MSE method with SSI could describe the spectral signals minutely. The spectral
information description ability of the MSE method with SSI was important for detecting
ground objects accurately. The MSE method with SSI obtained the best performance in
this experiment.
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Figure 6. Spectral curves of the samples in experiment one and their spectral code strands formed by
12 code elements.

3.2. Experiment Two

The data for this experiment was acquired in Longkou Town, Hubei Province, China,
with a Headwall Nano-Hyperspec imaging sensor (Figure 7A). Table 3 lists the TS and
GT of the experimental data. The size of the image was 550 x 400 pixels with 270 bands
from 400 to 1000 nm. The spatial resolution of the image was about 0.463 m [31,32]. The
referenced data was provided by the official website.

Table 3. Ground objects and their samples for experiment two.

Broad-Leaf Narrow-Leaf . Road and Mixed
Corn Soybean Sesame  Cotton Soybean Rice Water House Weed
Training Sample 60 65 60 60 60 60 50 50 50
Ground truth 34,511 63,212 3031 8374 4151 11,854 67,056 7124 5229

The detection results of experiment two are exhibited in Figure 7B-H. According to
the field survey (Figure 71), the farmlands were very wide, and some crops were in different
growing stages. The spectral signals of the crops were very similar (Figure 7]). In addition,
some bare soil existed in the study area. Thus, the detection results of the crops tended to
be pixelated (E =36, x = 3 = 1.0).
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Figure 7. Composited image for experiment two (A), ground truth (B), and the detection results
((C) MED, (D) SAM, (E) BC, (F) SDM, (G) SVM, (H) MSE methods with SSI, (I) photos of the samples,
and (J) spectra of the samples. The colors of the spectral curves are consistent with the legend).

In the detection result for cotton, only the areas with white cotton were correctly
detected. Some bared soil areas in the broad-leaf soybean were identified as other objects.
However, most of the crops were identified correctly by the proposed method. By quan-
titative evaluation, the proposed method with 50~65 samples performed better than the
contrast methods (Table 4). The narrow-leaf soybean, sesame, corn, and rice were detected
with high accuracy. The image resolution in the experiment was very high (submeter
level). It was a challenge for the target detection methods since it introduced more mixed
pixels [33,34].

Table 4. Accuracy of the contrast algorithms in experiment two.

Value (%) MED SAM BC SDM SVM MSE with SSI
Kappa 58.6 70.2 67.8 74.3 82.6 83.0
OA 56.7 70.2 68.5 74.5 82.7 83.2

3.3. Experiment Three

The third dataset was urban data captured by the Hyperspectral Digital Imagery
Collection Experiment (HYDICE) in October 1995 (Figure 8). The image area was located at
Copperas Cove, near Fort Hood, Texas, U.S., with a size of 307 x 307 pixels. In this data,
the band number was 210, the spectral resolution was 10 nm, and the spatial resolution
was 2 m. Ground objects in the area included highways (asphalt roads), shopping malls,
roads (concrete roads), grasses, trees, houses, and shadows.
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Figure 8. False-color-composite image for experiment three (A), ground truth (B), and the classifica-
tion results ((C) MED, (D) SAM, (E) BC, (F) SDM, (G) SVM, (H) the MSE method with SSI).

The image for experiment three and the results produced by the contrast experiments
are exhibited in Figure 8. The pixel number of training samples and ground truth were
listed in Table 5. It could be observed intuitively that the results of MED and SAM were
unsatisfactory. The result of MED misidentified asphalt roads from houses and the result
of SAM misidentified asphalt roads from concrete road. The spectra of asphalt roads,
concrete roads, and houses are shown in Figure 9. The spectral characteristics of them
were amplified. It could be found that the spectral amplitude of asphalt roads and houses
was very close. Thus, some pixels of asphalt road were misidentified as houses by MED.
Although the spectral amplitude of asphalt road and concrete road was totally different,
the waveforms of asphalt road and concrete road were nearly parallel. The spectral angles
of their spectra were very similar. Thus, SAM could not distinguish asphalt road from
concrete road well.

Table 5. Ground objects and their samples for experiment three.

Shopping Mall Trees Concrete Road Houses Grasses Asphalt Road Shadow

Training sample

Ground truth 2006

39 46 42 84 110 14
1592 985 698 1326 1985 245

The result produced by SDM was excellent compared to the traditional spectral
matching methods (MED, SAM, and BC). Its Kappa and OA were close to those of the
SVM and the MSE methods with SSI (Table 6). However, the MSE method with SSI could
express more spectral information about ground objects (E = 12). Thus, the result of the
MSE method with SSI was more optimal compared to the result of SDM. In this experiment,
the accuracy of SVM was slightly better (0.1%) than the proposed method in general. They
both produced excellent detection results in experiment three. Compared to the results
of experiments one and two, the performance of the proposed method in this experiment
(downtown dataset) was not obvious. It might mean that the proposed method was more
suitable for differentiating similar objects, such as crops.
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Figure 9. Spectral curves of the asphalt road, concrete road, and house samples in experiment three
and their spectral code strands formed by four code elements.

Table 6. Accuracy of the contrast algorithms in experiment three.

Value (%) MED SAM BC SDM SVM MSE with SSI
Kappa 711 74.5 81.8 87.1 89.5 89.4
OA 75.7 78.7 85.1 89.4 91.3 91.2

3.4. Experiment Four

In this experiment, the hyperspectral image was captured by an airborne imaging spec-
trometer from the Xiaqiao test site (Figure 10). The size of the image was 346 x 400 pixels.
The experimental data had 80 bands in spectral space from 417 to 854 nm. There were six
kinds of ground objects in the image: road, corn, bare soil, vegetable, soil, and water.

The results produced by the contrast methods are exhibited in Figure 10. Table 7
lists the training samples and ground truth of this experiment. From the experimental
results, it could be observed that BC performance was the poorest, because the soil and
vegetable were not identified totally in the result of BC. It indicated that the BC method
could not describe the spectral information of soil and vegetables in this experimental data
effectively. MED, SDM, and SAM showed excellent performances. Associated with the
result of SAM in experiment 1, it was discovered that SAM showed an instinctive ability to
detect vegetation and plant covers. In addition, the detection accuracy of the MSE method
with SSI (E = 4) was better than that of SVM in this experiment since SVM could not detect
the vegetable in this experimental data well (Table 8).

Table 7. Ground objects and their samples for experiment three.

Road Corn Bare Soil ~ Vegetable Soil Water
Training sample 95 39 46 42 84 110
Ground truth 1255 1621 352 385 1261 589

Table 8. Accuracy of the contrast algorithms in experiment three.

Value (%) MED SAM BC SDM SVM MSE with SSI

Kappa 87.7 89.5 55.8 87.8 90.6 92.1
OA 90.4 91.7 64.4 90.5 92.7 94.5
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Figure 10. False-color-composited image of experiment three (A), ground truth (B), and the classifica-
tion results ((C) MED, (D) SAM, (E) BC, (F) SDM, (G) SVM, (H) DMSE methods with SSI).

During the experiments, the best code element number was determined by the HSI
because the spectral differences of the ground objects were discrepant. In this research, the
best code element numbers for experiments 1, 2, 3, and 4 were 36, 36, 12, and 4, respectively.
When the code element number was two (binary coding with SSI), it never produced the
best results. However, with the code element number increasing, the accuracy of the MSE
method with SSI tended to be convergent. It made it possible to produce an optimal result.
In addition, for the HSI with similar ground objects, such as experiment one and 2, the best
code element number was large. As for the HSI whose spectral differences were sharp,
such as experiment three and four, the best code element number was small.

4. Discussion
4.1. The Influence of Spectral Shape Encoding

Since the traditional spectral encoding method did not contain spectral shape informa-
tion [35], detecting ground objects by the spectral encode method ignored spectral shape
information. In order to describe spectral information comprehensively, the MSE method
with SSI was established in this research. For ground objects with tiny spectral differences,
MSE with SSI could obviously exhibit its advantage.

Figure 11A shows the spectral curves of houses and asphalt roads in experiment two.
Figure 11B shows their spectral code strands using the traditional four-value encoding
method. The encoding result only described the spectral amplitude information. Spectral
shape information was vacant in the encoded result. Figure 11C shows their spectral code
strands by MSE with an SSI of four code elements. It could be observed that the spectral
amplitude of houses and asphalt roads was very close. Only 23 different spectral code
words were found from their spectral code strands without SSI. However, when SSI was
added to the spectral encoding process, 88 differential spectral code words were found in
their spectral code strands. For these kinds of similar ground objects, MSE with SSI had
much stronger identification abilities than the traditional spectral encoding method.
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Figure 11. Spectral curves of houses and asphalt roads (A) and their spectral code strands ((B) without
SSI, (C) with SSI).

The detection results of the four-value encoding method and the MSE method with
SSI are exhibited in Figure 12. The Kappa and OA of the four-value encoding method
were 87.1% and 89.3%, respectively. The Kappa and OA of the MSE with SSI were 89.4%
and 91.2%, respectively. Intuitively, the result of the four-value encoding method had
more misidentified pixels of concrete roads and houses. It was consistent with the char-
acteristics of the spectral code strands (Figure 11). However, the MSE method with SSI
could distinguish concrete roads from houses better since it obtained more differential code
words. As a result, MSE with SSI gained about a 2% accuracy improvement compared to
the four-value encoding method. It meant that the spectral shape encoding method was
important for differentiating ground objects with similar spectral signals. SSI helped the
proposed method express more spectral details. Combined with the results of experiments
one and two, it could be concluded that, although the training samples were limited, the
MSE method with SSI could obtain excellent performance when detecting similar ground
objects (agricultural crops).

!

Kappa=87.1% & : ‘ 1_- Kappa = 89.4%
OA =89.3% AR i i 0A =91.2%

(A) (B)

Figure 12. Results produced by the four-value encoding method (A) and the MSE method with SSI
(B) using four code elements.
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4.2. The Influence of Encoding Strategy

In this research, the proposed MSE method with SSI had two kinds of dynamic
optimization strategies: a unified encoding strategy (UES) and a respective encoding
strategy (RES). Although both UES and RES must be used during the process of detection
(Figure 4), the performance of the proposed optimization strategies needs to be discussed.

Every category of ground objects should have its own best encoding scale to distin-
guish it from the others. On this scale, its spectral code strands had the most unique spectral
code words. That was the idea of the RES strategy. However, RES had shortcomings in
practice. Figure 13 provides the abundance graphs of the categories produced by their best
scales, which were calculated by RES. It could be discovered that the MSE method with SSI
by RES could detect the target categories through their best scales. However, the overall
detection result by RES was poor compared to the result by UES (Figure 14). Unidentified
pixels (black points in Figure 14B) could be observed in the result by RES. That is probably
because the result by UES was formed by the global optimal results of all the categories, but
the result by RES was formed by the local optimal results of each category. The patchwork
result (by RES) might lack collaboration between categories.

® T (E) (F)

Figure 13. Abundance graphs of the categories ((A) road, (B) corn, (C) bare soil, (D) vegetable, (E) soil,
(F) water) in experimental data four by the MSE method with SSI through RES.

Although the detection accuracies of the MSE method with SSI by UES and RES were
very close, the MSE method with SSI by UES gained higher Kappa and OA. In addition,
the results produced by the MSE method with SSI by UES tended to be smoother and
more artistic. The MSE method with UES was approximately 27.97-52.12% faster than the
MSE method with RES. If the motivation of the task was to obtain the best recognition
accuracy of the whole image, UES must be the proper strategy for the MSE method with
SSI. However, if the motivation of the task was the detection of some specific objects, RES
had excellent performance.
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Figure 14. Results produced from experiment four by the MSE method with SSI through UES (A)
and RES (B).

4.3. Coefficients of Spectral Amplitude and Shape

The spectral amplitude coefficient (&) and spectral shape coefficients (3) could influ-
ence the mapping accuracy. Especially for remote sensing identification methods involving
crops [36,37]. However, it was hard to determine the coefficients before the detection
process. In this research, we explored the rules and how they affected the detection perfor-
mances of the experiments. The sensitivities of the spectral amplitude and shape coefficients
were discussed in this section.

Table 9 lists the detection accuracies of experiment one by the proposed method
through 12 code elements (not the best scale). The values of the coefficients ranged from 0.5
to 2.0, with a step length of 0.1. When one of the coefficients varied, the other coefficients
stayed invariable. Figure 15 demonstrates the changes in accuracies affected by spectral
shape and amplitude coefficients. It could be seen from Table 7 and Figure 15 that the
performance of the proposed method improved when the spectral shape coefficient was
1.4 and the spectral amplitude coefficient was 1.9, compared to the situation when the
coefficients were both 1.0. Bigger coefficients might be more suitable for this data using the
MSE method with SSI.

The main misidentified objects in this data were brocoli_green_weeds_1 and broc-
coli_green_weeds_2. Figure 16 shows the spectral code strands produced by the different
spectral amplitude coefficients. In the spectral code strand graphs, the red parts could rep-
resent the unshared code words. More unshared code words meant stronger differentiation
ability. When the spectral amplitude coefficients were 1.0, 1.4, and 1.9, the unshared code
words were 14, 15, and 19, respectively. It could be found that the number of differential
code words increases with the increase in spectral amplitude coefficients. The unshared
code words were the most common when the spectral amplitude coefficient was 1.9. The
mapping results were consistent with the spectral encoding results. For the HSI with
similar objects, greater spectral amplitude coefficients could help increase the detection
performance. Proper coefficients could improve the accuracy of the proposed method.
However, the OA and Kappa did not increase much while optimizing the parameters. It
indicated that the detection accuracy was affected by the coefficients slightly. That meant
the proposed method was resilient because the spectral details had been expressed by the
MSE method with SSI. The detection performance did not rely on the adaptive parameters.
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Table 9. Kappa and OA are calculated using different amplitude and shape coefficients.

o B Kappa(%) OA(%) 4 B Kappa(%) OA(%)
1.0 0.5 96.0 97.2 0.5 1 95.9 97.1
1.0 0.6 96.7 97.7 0.6 1 97.2 98.1
1.0 0.7 96.7 97.7 0.7 1 96.1 97.3
1.0 0.8 96.6 97.6 0.8 1 97.2 98.1
1.0 0.9 96.4 97.5 0.9 1 96.6 97.7
1.0 1.0 96.8 97.8 1.0 1 96.8 97.8
1.0 11 96.5 97.5 11 1 97.1 98.0
1.0 12 96.7 97.7 12 1 97.3 98.1
1.0 1.3 96.7 97.7 13 1 97.1 98.0
1.0 1.4 96.9 97.9 1.4 1 97.1 98.0
1.0 15 96.8 97.8 15 1 96.9 97.8
1.0 1.6 96.4 97.5 1.6 1 97.1 98.0
1.0 1.7 96.3 97.4 1.7 1 97.0 97.8
1.0 1.8 96.1 97.3 1.8 1 96.5 97.6
1.0 19 96.7 97.7 1.9 1 97.4 98.2
1.0 2.0 96.5 97.6 2.0 1 97.1 98.0
0.98 0.985 T
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Figure 15. Kappa and OA of the detection results in experiment one by the MSE method with SSI
when spectral shape and amplitude coefficients varied. (A) accuracy curve produced by varied shape

coefficients, (B) accuracy curve produced by varied brightness coefficients. The star represents the

best accuracy.
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[
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Figure 16. Spectral code strands of brocolis (A-C) and classification results of experiment one using

(E)

12 code elements when spectral shape and amplitude coefficients were 1.0 and 1.0 (D), and 1.0 and
1.4 (E), 1.0 and 1.9 (F), respectively.

5. Conclusions

In this research, the MSE method with SSI and dynamic optimization strategies were
proposed for describing hyperspectral images. Several conclusions were drawn from the
experimental results: (1) SSI was important for the proposed method. It helped the MSE
method with SSI initialize without a large set of samples. Small samples can make it
perform well when detecting ground objects. (2) Encoding strategies suited for different
conditions. RES was suitable for detecting specific ground objects. UES was suitable for
obtaining the best global detection results. (3) The detection accuracy was affected by the
coefficients slightly. It was resilient without a hyperparameter tuning process. However, it
still contained many shortcomings compared to artificial intelligence (AI) algorithms. We
will try to combine spectral encoding methods with AL
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