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Abstract: In recent years, deep learning methods have gradually come to be used in hyperspectral imaging domains.
Because of the peculiarity of hyperspectral imaging, a mass of information is contained in the spectral dimensions
of hyperspectral images. Also, different objects on a land surface are sensitive to different ranges of wavelength. To
achieve higher accuracy in classification, we propose a structure that combines spectral sensitivity with a convolutional
neural network by adding spectral weights derived from predicted outcomes before the final classification layer. First,
samples are divided into visible light and infrared, with a portion of the samples fed into networks during training.
Then, two key parameters, unrecognized rate (δ) and wrongly recognized rate (γ), are calculated from the predicted
outcome of the whole scene. Next, the spectral weight, derived from these two parameters, is calculated. Finally,
the spectral weight is added and an improved structure is constructed. The improved structure not only combines
the features in spatial and spectral dimensions, but also gives spectral sensitivity a primary status. Compared with
inputs from the whole spectrum, the improved structure attains a nearly 2% higher prediction accuracy. When
applied to public data sets, compared with the whole spectrum, on the average we achieve approximately 1% higher
accuracy.
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1 Introduction

Using hyperspectral sensors, a continuous elec-
tromagnetic spectrum of each pixel in a scene is
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obtained. Hyperspectral images have been used in
many fields (Yang et al., 2006; Bioucas-Dias et al.,
2013; Wentz et al., 2014; Ye et al., 2017; Onojeghuo
et al., 2018). Extraction of information and features
hidden in hyperspectral images are the preconditions
for classification, identification, and segmentation.
With advances in the development of equipment, it
is now possible to acquire a larger number of im-
ages, and this requires more efficient methods of
processing.

The idea of the neural network (NN) originated
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in 1943 (McCulloch and Pitts, 1943) and was intro-
duced in machine learning (ML) in 1958 (Rosenblatt,
1958). However, it was not until 2006, when Hinton
and Salakhutdinov (2006) solved the gradient vanish-
ing problem, that deep learning (DL) became preva-
lent. It was AlexNet (Krizhevsky et al., 2017) that
convinced deep learning communities that DL really
works in computer vision. Thus, the convolutional
neural network (CNN) became the most popular al-
gorithm in the computer vision field and was applied
gradually to other fields (Cai et al., 2015; Wang et al.,
2019).

Extracting features from remote sensing images
is also a way to process images. Therefore, it is rea-
sonable to apply the ML algorithms to hyperspec-
tral imaging (HSI), which helps in classification and
identification.

To more efficiently classify land-cover types in
hyperspectral images into selected classes, some su-
pervised ML algorithms have been applied to the hy-
perspectral remote sensing domain (Du and Zhang,
2014; Sigurdsson et al., 2014; Zhang et al., 2016; Gu
et al., 2017). However, the lack of labeled samples, as
well as the high dimension of hyperspectral data, has
led to the Hughes phenomenon (Li et al., 2010). Sup-
port vector machines (SVM) have proved a good so-
lution to this problem (Melgani and Bruzzone, 2004),
but they are too simple to extract deep features in
data sets (Bengio et al., 2013).

DL methods, proposed in recent research for
classification and identification, not only avoid the
Hughes phenomenon, but also provide a much higher
accuracy of image classification and identification.

Compared with other ML algorithms, DL meth-
ods extract both low-level and high-level features.
By combining spectral, textural, and semantic fea-
tures in decision layers, classification results improve
considerably. Cao et al. (2016) proposed a struc-
ture with a pixel-wise classifier and conducted su-
perpixel segmentation on a prediction map, jointly
predicting images by spatial and spectral features.
Their experimental results show that this method is
more competitive than common CNNs. Zhong et al.
(2018) proposed an end-to-end spectral-spatial resid-
ual network (SSRN) based on ResNet. To enhance
spatial features, Li et al. (2017) presented a recon-
struction model based on deep convolutional neural
networks (DCNNs). To process high-level features,
Zhao and Du (2016) proposed a multiscale convolu-

tional neural network (MCNN), which, for urban ar-
eas, is more accurate than common CNNs. The deep
belief network (DBN), another popular deep model,
has also been used in the HSI domain. By combining
the extraction and classification of spectral-spatial
features (Chen et al., 2015), DBN achieves an aver-
age of about 1% higher prediction accuracy for some
public data sets. During pretraining and training, a
diversified DBN was developed to obtain higher ac-
curacies (an average of nearly 1%) and deal with the
deficiency in training samples (Zhong et al., 2017).
Additionally, the recurrent neural network (RNN)
analyzes and processes hyperspectral images as se-
quential data (Mou et al., 2017), and also performs
well on some airborne hyperspectral images.

In remote sensing images, different land-cover
types have different spectral sensitivities. Some ob-
jects are sensitive to visible light; whereas, others are
sensitive to infrared. Differentiating the contribution
of various objects to different bands helps to more ac-
curately and efficiently classify the land-cover types.

We propose a classification algorithm based on
CNN and spectral sensitivity. According to the wave-
length of each band, we divide origin images and la-
beled samples into the visible and the infrared spec-
tral regions. Using their corresponding samples, we
train these two parts, then predict and output two
classification results. After comparing the two classi-
fication results, we select six segments where the ac-
curacies of land-cover types, one each in visible and
infrared outputs, exhibit the greatest discrepancy be-
tween each other. For these land-cover types, spec-
tral weights, derived from accuracies, are added to
the classification layer. This helps to improve over-
all accuracy. Finally, we compare the new algorithm
with the original outputs. To prove the generaliza-
tion of the proposed method, we apply this method
to two public data sets: the Kennedy Space Center
(KSC) data set and the Botswana data set.

2 Data and method

2.1 Data

Data was obtained in Beijing, China, onboard
an aircraft, by a hyperspectral sensor with 64 con-
tinuous bands, ranging from 462 nm to 10 250 nm.
The first 27 bands are within the visible light re-
gion; the remainder are in the infrared. Besides high
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spectrum resolution, the hyperspectral sensor also
has high spatial resolution of 1 m per pixel, which is
convenient for selecting accurate samples. The im-
age has 3629 rows and 513 lines (1 861 677 pixels in
total).

The KSC data set was obtained at the Kennedy
Space Center, Florida, USA by the NASA AVIRIS
(Airborne Visible/Infrared Imaging Spectrometer)
airborne sensor, with 224 continuous bands ranging
from 400 nm to 2500 nm. Because of the influence
of noise, only 176 spectral bands were retained. The
KSC data set was labeled into 13 different land-cover
types. The Botswana data set was acquired over the
Okavango Delta, Botswana by the NASA EO-1 satel-
lite. The Botswana data set, labeled into 14 classes,
has the same wavelength range as the KSC data
set, but with 242 spectral bands, 145 of which are
retained.

2.2 Samples and input

Samples, including buildings, roadways, con-
crete ground, arable land, vegetation, and water,
were selected and labeled (Fig. 1).

(a) (b) (c) 

(d) (e) (f) 

Fig. 1 Parts of selected samples shown on GIS soft-
ware: (a) building; (b) roadways; (c) concrete groud;
(d) arable land; (e) vegetation; (f) water

Selected as samples were 6720 pixels, belonging
to six different land-cover types. A labeled pixel
and its neighborhoods, with the same label as the
central pixel, were constructed as a training sample
for CNN.

The label of a resultant picture represents not
all pixels, but only the central pixels in the picture,

which means the central pixels in the hyperspectral
image are formed as input pictures for CNN. Table 1
shows, in detail, the number of different types.

Table 1 Numbers of different samples, split into train-
ing and test samples

Sample Number of samples
Total

name Training Test

Building 719 720 1439
Roadway 167 167 334
Ground 63 64 127

Arable land 659 660 1319
Vegetation 47 48 95

Water 703 703 1406

Total 2358 2362 6720

In addition to the training/test proportion (Ta-
ble 1), we also tried other different proportions such
as 5% and 10%. Different from our data set, we took
20% of all pixels in public data sets as training sets,
30% as validation sets, and 50% as test sets.

Different structures of networks have different
inputs. To independently train samples in both visi-
ble and infrared bands and compare their outcomes
with ordinary structures, we constructed three sets
of inputs. Regarding spatial dimensions, input pic-
tures were formed on a scale of 5×5. Considering the
high redundancy in the spectral dimension, principal
component analysis (PCA) was used to convert cor-
related spectral data into linearly uncorrelated data
(Hotellings, 1933), which reduced the complexity of
the whole network and made it easier for the network
to converge. In this process, we conserved more than
99% of the variance, which corresponds to five prin-
cipal components in the spectral dimension. Finally,
the scale of the input pictures of an ordinary struc-
ture was established as a 5× 5× 5 3D structure.

2.3 Convolutional neural network

A conventional CNN has four main layers: in-
put, convolutional, full-connected (FC), and classifi-
cation. Two main procedures, training and predict-
ing, are included.

As a supervised algorithm, labeled pictures were
fed into input layers as training samples and then
convoluted by kernels in convolutional layers. Af-
ter a series of convoluting and pooling, deep features
were extracted and flattened into a column of neu-
rons, which serves as the input layer for subsequent
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FC layers. FC layers connect features and corre-
sponding labels by a set of polynomials and send
errors backward to adjust weights and bias to meet
their correlations. Training extracts features and
excavates correlations between features and corre-
sponding labels.

Then prediction follows. By feeding pictures to
be classified, a well-tuned CNN extracts their fea-
tures and classifies them according to the polynomi-
als tuned at training.

By sliding onto the output of the former layer, a
convolution kernel (in other words, a weight matrix)
extracts features from the picture and forms a feature
map (LeCun et al., 1989), which is convoluted by
kernels in the latter layers. This process is shown in
Fig. 2.

Fig. 2 Diagram of convolution

The outcome of convolution is fed into a
non-linear activation function, rectified linear unit
(ReLU), which allows a network to obtain easily
sparse representation (Glorot et al., 2011) and avoids
the vanishing gradient problem. Given a convolution
result, z, ReLU activates it as follows:

φ(zij) = max(0, zij), (1)

where zij represents the element at the ith row and
jth column of z. φ(z) is the activation result of z,
and z is calculated by

z = W ∗ φ(z′) + b, (2)

where W is the weight matrix, b is the bias term, z′

is the outcome of the former convolution result, and
∗ is the symbol of convolution.

A similar procedure occurs in the last part of a
network. Because there are six classes of land-cover
types in this scene, we use a multi-class classifica-
tion function to activate the outcome of the FC lay-
ers. The Softmax function (Bishop, 2006) (namely,
a generalized-logistic function) computes the possi-
bility, p(z), of each class as follows:

p(z)i =
ezi

∑6
k=1 e

zk

, i = 1, 2, . . . , 6, (3)

where z is the output of FC layers.
In training, the outcomes of classification are

compared with true labels. Errors are computed and
propagated in reverse to adjust weights in the net-
work (Rumelhart et al., 1988). This improves sub-
sequent classification results. If we set ωj+1 to be
the updated weight matrix of ωj, the weights are
correlated as follows:

ωj+1 = ωj − lr · ∂E

∂ωj
, (4)

where lr represents the learning rate; E is the total
error calculated by

E =
1

2

6∑

k=1

(tk − ok)
2, (5)

where tk is the true value, and ok is the output value
of the kth class.

2.4 Evaluation

Generally, the capability of a network is mea-
sured by training and test accuracy during training.
However, in our study, the number of labeled pixels
is far fewer than the complete set of pixels, caus-
ing difficulties in evaluating the output of the whole
scene.

In that case, we use another criterion to esti-
mate the predicted outcome (PA). Taking ua as the
number of unrecognized pixels of land-cover type a

in area D, the unrecognized rate δa is calculated by

δa =
ua

nD
, (6)

where nD is the number of pixels in area D.

2.5 Spectral weight

The unrecognized rate, δa, calculated in Sec-
tion 2.4 describes the deficiency of the network,
which means the network classifies these a-type pix-
els as other wrong types. With respect to the classi-
fier, this means the possibilities of type a, calculated
in Section 2.3, are fewer than the wrong types.

By simply adding an extra weight to the unrec-
ognized type, δ of that type is reduced. However,
because of the inequality of the weights that harm
the stability and robustness of the network, δ of the
other types increases.

By dividing the spectrum into visible light and
infrared, we add unequal weights to these two parts.
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Maintaining the sum of the weights of each type to
be equal, the more sensitive part obtains a greater
weight. In this circumstance, not only does the un-
recognized rate decrease, but also the stability of the
network is protected.

Additionally, the sensitivity is inversely propor-
tional to δ. The lower δ is, the closer the PA is to
the true label. Taking the wrongly recognized rate
of type a in an area as γa, the spectral weight of type
a is defined as

wa =

(
0.243

δa + ε
+ 0.374

)

· ln 0.525

γa + ε
, (7)

where ε is a small number (with the denominator not
zero), which is set as 1× 10−5; ln(0.525/(γa + ε)) is
a penalty term. A low unrecognized rate cannot be
at the expense of a highly wrongly recognized rate.
A penalty term maintains the balance between these
two factors. Normalization is conducted as

WV =
wV

wV + wIR
,

W IR =
wIR

wV + wIR
, (8)

where W is the normalized spectral weight. Super-
scripts V and IR represent visible and infrared, re-
spectively. The new possibility P is calculated by

P = WVpV +W IRpIR, (9)

where pV and pIR are the two original probabilities.

3 Results and discussion

3.1 Spectral comparison

The spectral weight of each land-cover type de-
fined by Eq. (8) is deduced from the comparisons
among the outputs of the visible, infrared, and whole
spectrum. During training, training and test accu-
racies of different inputs are compared (Fig. 3).

The curves in Fig. 3 show that, whether in train-
ing or testing, input from the whole spectrum has
higher accuracy than the other two inputs, simply
because the whole spectrum has more information
than its two subsets.

Beyond this point, visible light input noticeably
has a higher accuracy than infrared input. The in-
ference is that more classes in those six land-cover
types are more sensitive to visible light. While the

Epoch
175 180 185 190 195
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Whole spectrum
Visual light
Infrared
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0.995
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Fig. 3 Training and test accuracies of different inputs.
The ratio of training/test samples is 1:1, which is the
same as Tables 2 and 3

proportion of the training set was reduced to 5%,
test accuracies of visible light, infrared, and whole
spectrum inputs decreased to 96.92%, 93.82%, and
97.44%, respectively.

3.2 Manual correction

To calculate the spectral weight of each class,
we selected, from every class, an area where the dis-
crepancy between the PAs of the visible light and
infrared outputs was the greatest (Fig. 4).

For buildings, roadways, concrete ground,
arable land, vegetation, and water in Figs. 4a-4f,
separately, we calculated the PAs and δ (Table 2).

Table 2 PAs and δ of different classes in different
areas

(Area) Type
PA (%) δ (%)

Visible Infrared Visible Infrared

(a) Building 91.38 46.65 0.60 39.49
(b) Roadway 97.32 22.91 2.68 76.38
(c) C. ground 87.25 4.00 12.71 96.00
(d) A. land 86.56 99.12 0.11 0.14
(e) Vegetation 90.35 33.25 3.18 61.84
(f) Water 47.45 99.41 52.55 0.04
C. and A. are abbreviations for ‘concrete’ and ‘arable’

It is clear that buildings, roadways, concrete
ground, and vegetation are more sensitive in the vis-
ible band; whereas, arable land and water are more
sensitive in the infrared band. This result corrobo-
rates the deduction from the learning curves in Sec-
tion 3.1. Table 3 shows the W and w derived from
Table 2.

3.3 Structure of improved network

According to Eq. (9), we designed an improved
network, including two concurrent CNNs. Because
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(a) (b) (c) (d) (e) (f)

(g) (h) (i) (j) (k) (l)

(m) (n) (o) (p) (q) (r)

Fig. 4 Partial areas and the corresponding outputs of visible light and infrared inputs: (a)-(f) six areas in the
original scene; (g)-(l) the same regions as (a)-(f) with visible light inputs; (m)-(r) the same regions as (a)-(f)
with infrared inputs

Table 3 Spectral weights of different land-cover types in visible and infrared bands *

Weight
Building Roadway C. ground A. land Vegetation Water

V. I. V. I. V. I. V. I. V. I. V. I.

W 147.95 2.80 120.54 1.19 28.74 0.14 173.09 351.32 59.47 1.67 3.99 396.50
w 0.981 0.019 0.990 0.010 0.995 0.005 0.330 0.670 0.973 0.027 0.010 0.990

∗ Visible and infrared bands are abbreviated as V. and I.

there are 27 bands in the visible light region and 37
bands in the infrared, the numbers of convolution
kernels in the first convolution layer are 27 in the
visible part and 37 in the infrared part. In the spatial
dimension, the scale of the kernels ranges from 2× 2

to 4× 4. Two layers of 3× 3 kernels perform as well
as one layer of 5 × 5 kernels (Szegedy et al., 2016),
indicating that all the features in our input pictures
can be extracted. The number of kernels decides the
number of features to be extracted.

Finally, we created two convolution layers with
64 sets of 3 × 3 kernels in each layer and kept the
number of channels consistent with the former out-
come. In training, two CNNs are tuned; whereas, in
predicting, spectral weight, w, is added to the prob-
ability calculations after activation. A sketch of the

structure is shown in Fig. 5.

Input
Conv1 Conv2 Dense1 Dense2 Softmax

Spectral weight

Fig. 5 Sketch of the improved network with spec-
tral weight (Conv1, Conv2, Dense1, and Dense2 are
the first convolutional layer, the second convolutional
layer, the first dense layer, and the second dense layer,
respectively)

3.4 Comparison with whole spectrum input

Results show that the advantage of the two orig-
inal networks, synthesized in the improved network,
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Table 4 Accuracies in public data sets

Type
Accuracy in KSC data set (%) Accuracy in Botswana data set (%)

Whole spectral Proposed Improvement Whole spectral Proposed Improvement

1 96.45 99.60 3.15 100.00 100.00 0.00
2 95.47 98.76 3.29 100.00 100.00 0.00
3 94.53 85.93 -8.60 100.00 100.00 0.00
4 93.25 88.89 -4.36 100.00 100.00 0.00
5 91.30 80.74 10.56 94.79 98.88 4.09
6 82.09 96.50 14.41 98.88 99.25 0.37
7 99.04 99.04 0.00 100.00 100.00 0.00
8 97.91 98.14 0.23 100.00 100.00 0.00
9 99.42 99.80 0.38 94.90 98.40 -3.50
10 100.00 100.00 0.00 98.79 99.59 0.80
11 100.00 100.00 0.00 98.68 100.00 1.32
12 99.76 100.00 0.24 100.00 100.00 0.00
13 100.00 100.00 0.00 100.00 100.00 0.00
14 100.00 100.00 0.00

Total 95.30 96.84 1.54 99.24 99.45 0.21

20% of samples were chosen as training sets, while 30% as validation sets, 50% as test sets

is such that they became more sensitive to all types
in a scene. To quantify the capability of the im-
proved network, we compared the new output with
the output of the input from the whole spectrum.
A representative area was chosen to calculate the
PA. In this area, the PA of the improved network
is 98.32%; whereas the PA of the whole spectrum
input is 96.89%. Improvements in the 5%, 10%,
20%, 30%, and 40% training proportions are 1.44%,
1.39%, 1.51%, 1.47%, and 1.33%, respectively. These
results prove that spectral weight promotes sensitiv-
ity to some objects on the earth’s surface, and the
improvements are almost independent of the propor-
tion of the training sets.

3.5 Results of public data sets

In whole images in the KSC data set, we
achieved overall accuracy (OA) of 95.30%, 94.90%,
and 86.19% with whole spectrum, visible light, and
infrared, respectively. With the proposed method,
the OA of the KSC data set increased to 96.84%,
1.54% higher than the whole spectrum input. Al-
most every type was classified more accurately after
applying the proposed method (Table 4). In the
Botswana data set, the OA of whole spectrum, vis-
ible light, infrared, and the proposed method are
99.24%, 96.99%, 99.21%, and 99.45%, respectively.
According to Table 4, every type in the proposed
method is greater or equal to the whole spectrum
input.

4 Conclusions

We proposed a CNN structure constructed by
two concurrent CNNs. Taking advantage of the
high spectral resolution of hyperspectral images, we
found the spectral dependencies of land-cover types
in a scene by manually calculating the unrecognized
and wrongly recognized rates. This correlation
enabled us to develop a spectral weight matrix,
which adds spectral dependencies, as a key factor,
into the classification stage. Compared with the
well-tuned whole spectrum input structure, both
results in our data and public data sets show that the
spectral weight, based on spectral sensitivity, helps
increase the classification accuracy and enhances
the sensitivity of the network to all types in this
scene.
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