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Image fusion is an image enhancement method in modern artificial intelligence theory, which can reduce the pressure in data
storage and obtain better image information. Due to different imaging principles, information of the infrared image and visible
images’ information is complementary and redundant. The infrared image can be fused with a visible image to obtain both the
high-resolution texture details and the edge contour of the infrared image. In this paper, the fusion algorithm of forest sample
image is studied at the feature level, which aims to accurately extract tree features through information fusion, ensure data
stability and reliability, and improve the accuracy of target recognition. The main research contents of this paper are as
follows: (1) teaching learning-based optimization (TLBO) algorithm was used to optimize the weighted coefficient in the fusion
process, and the value range of random parameters in the model was adjusted to optimize the fusion effect. Compared with
before optimization, image information increased by 2.05%, and spatial activity increased by 15.27%. (2) Experimental data
show that the target recognition accuracy of feature-level fusion results was 93.6%, 13.9% higher than that of the original
infrared sample image, and 18.8% higher than that of the original visible sample image. Pixel-level and feature-level fusion
have their characteristics and application scopes. This method can improve the quality of the specified region in the image and
is suitable for detecting intelligent information in forest regions.

1. Introduction

With the rapid development of sensor technology, single vis-
ible light mode is gradually developed into a variety of sen-
sor modes. They differ in imagining mechanism, working
environment, and requirements as well as functions. They
also work in different wavelength ranges. Due to the limited
information of data acquired by a single sensor, it is often
difficult to meet the needs of applications. At the same time,
more comprehensive and reliable information of observa-
tion targets can be obtained by using multisource data.
Therefore, in order to take full advantage of increasingly
complex source data, various data fusion techniques have
been rapidly developed with the aim of incorporating more
supplementary information into a new data set by means
of more information than can be obtained from any single

sensor [1]. Image fusion technology, as a very important
branch of multisensor and visual information fusion, has
aroused widespread concern and research upsurge in the
world in the past twenty years. The main idea of image
fusion is to combine multisource images from multiple sen-
sors into a new image by using algorithms, so that the fused
image has higher reliability, less uncertainty, and better
comprehensibility [2].

Image fusion technology was first used in remote sensing
image analysis and processing. In 1979, Daily et al. first
applied the composite image of radar image and Landsat-
MSS image to geological interpretation, and its processing
process can be regarded as the simplest image fusion [3].
In 1981, Laner and Todd conducted a fusion experiment of
Landsat-RBV and MSS image information [4]. In the middle
and late 1980s, image fusion technology has been applied to
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the analysis and processing of remote sensing multispectral
images, beginning to attract attention. It was not until the
end of 1980 that people began to apply image fusion tech-
nology to general image processing (visible image, infrared
image, etc.) [5]. Since the 1990s, the research of image fusion
technology has been on the rise, showing great application
potential in the fields of automatic recognition, computer
vision, remote sensing, robotics, medical image processing,
and military applications. For example, the fusion of infra-
red and low-light images helps soldiers see targets in the
dark [6]. The fusion of CT and MRI images is helpful for
doctors to diagnose diseases accurately [7]. Jin et al.
extracted more accurate and reliable feature information
from images by fusion of infrared and visible images, thus
achieving accurate face recognition [8]. Using image fusion,
Liu et al. made images with different focal lengths comple-
ment each other and improve the resolution of fusion results
[9]. In recent years, image fusion has become an important
and useful technique for image analysis and computer
vision.

The main purpose of this paper is to find an image
fusion algorithm suitable for forest environment perception,
using visible light image and infrared thermal image fusion
technology, to collect the image fusion processing, improve
the fusion effect, accurately extract effective forest informa-
tion, and obtain information for forest intelligent detection.
The main research contents are as follows:

(1) The fusion background of visible and infrared
images, different image processing methods, and
the effects of different image fusion processing are
introduced

(2) The process of fusion coefficient optimization based
on teaching learning based optimization (TLBO)
algorithm is introduced. The random parameters in
the model are set by TLBO optimization algorithm
to optimize the fusion effect. The forest images are
used for image fusion experiments, and the fusion
results are evaluated by objective evaluation indexes

(3) In order to enhance the search ability of the algo-
rithm and improve the evaluation index value to a
greater extent, the value range of the optimization
coefficient Ri and T f of TLBO algorithm is further
set according to the entropy value, and then evalua-
tion index is used for corresponding evaluation

2. Related Works

Multisource image fusion algorithm also has broad applica-
tion prospects in the field of forestry intelligent detection.
Using feature-level image fusion algorithm, Bulanona et al.
extracted data information of fruits in fruit forests and mon-
itored fruit growth status in real time in 2009 [10]. In 2013,
Lei et al. identified obstacles in forest images by using the
results obtained by fusion algorithm and two-dimensional
laser data and intelligently and accurately distinguished
trees, rocks, and animals in the images with an accuracy rate
of more than 93.3% [11]. Furthermore, by improving the

fusion algorithm, the data accuracy of objects such as trees
in the image is improved, and the accuracy of target recogni-
tion is increased by 95.3% [12]. The quality of information
fusion directly affects the accuracy of forest information
detection and is an important part of research on artificial
intelligence. This paper is an important branch of research
on information fusion algorithm-infrared and visible image
fusion algorithm. Due to different imaging principles, the
information of infrared image and visible image is comple-
mentary and redundant. The target in infrared image has
clear edge features and is easy to be segmented and
extracted. The texture details and background information
of visible image are more prominent, but the target informa-
tion is difficult to extract because of complex image content.
Therefore, the purpose of fusion is to synthesize comple-
mentary information, reduce redundancy, improve image
quality, and express and extract useful features in images
more succinctly and accurately. In this paper, the effective
forest information is extracted accurately by fusion of infra-
red and visible images, and the obtained information is used
for intelligent forest detection.

3. Materials and Methods

The detailed process of visible and near-infrared image sam-
ple fusion is shown in Figure 1. The ultimate goal is to
enhance the search ability of the algorithm, improve the
evaluation index value to a greater extent, and obtain the
fusion image more suitable for the intelligent detection of
forest information.

3.1. Data Modeling Methods

3.1.1. Pixel Level Image Fusion Algorithm

(1) Image Fusion Algorithm Based on Wavelet Transform.
Wavelet transform theory was first proposed by Morlet
and Gorsmsna in 1984, and its principle is developed on
the basis of Fourier transform. Different from Fourier trans-
form, wavelet transform is the local transform of frequency,
which can effectively extract the signal in the image. Its
advantage is to carry out multiscale analysis of the image
without losing the information [13]. Stephane and Matllat
proposed fast discrete wavelet and built a bridge between
wavelet transform and multiscale image fusion [14].

Two-dimensional image samples after wavelet decompo-
sition can be represented by four subband components:

f x, yð Þ = Ajf +D1
j f +Dj21 f +D3

j f , ð1Þ

Ajf = f x, yð Þ,∅j,m,n x, yð Þ� �
, ð2Þ

D1
j f = f x, yð Þ, ψ1

j,m,n x, yð Þ
D E

, ð3Þ

D2
j f = f x, yð Þ, ψ2

j,m,n x, yð Þ
D E

, ð4Þ

D3
j f = f x, yð Þ, ψ3

j,m,n x, yð Þ
D E

, ð5Þ
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where f represents the original sample, j represents the
decomposition frequency of this layer, A represents the
low-frequency component, and D represents the high-
frequency component in different directions. ∅j,m,n is the
scale coefficient that makes up the canonical orthogonal
basis of the wavelet, and the wavelet function ψj,m,n makes
up the canonical orthogonal basis of the space.

(2) Image Fusion Algorithm Based on PCA Transform. Prin-
cipal component analysis (PCA) transform, also known as
principal component analysis, is a multidimensional linear
transform based on the statistical characteristics of images,
which has the function of centralizing variance information
and compressing data volume is mathematically called K − L
transform.

The PCA transformation and fusion process of multisen-
sor images is as follows:

(1) PCA was applied to the low-resolution multispectral
image to obtain three principal components: P1, P2,
and P3

(2) The high-resolution image was stretched and made
to have the same mean and variance as the first prin-
cipal component P1 of the multispectral image

(3) The stretched high-resolution image was used to
replace P1 as the first principal component, and a
new fusion image P was generated with components
P2 and P3 through PCA inverse transformation

(3) Image Fusion Algorithm Based on Contourlet Transform.
Contourlet transform, also called contourlet transform, is a
multiresolution image representation method proposed by

Do and Vetterli in 2002 [15]. In contourlet transform, image
multiscale decomposition is realized by Laplace tower
decomposition (LP) [16]. The multiscale decomposition of
an approximate image can be obtained by repeated Lapla-
cian tower decomposition [17]. However, in the process of
image decomposition and reconstruction by contourlet
transform, the image needs to be further sampled and
upward sampled, which makes the contourlet transform lack
shift-invariance (invariance) [18]. As a result, the spectrum
of the signal will overlap to some extent, and the Gibbs phe-
nomenon is obvious in the image fusion.

(4) Low-Frequency Coefficient Processing Based on PCNN. In
the low-frequency domain of image fusion, Laplacian
energy, as excitation input to PCNN, is processed as follows:

ML i, jð Þ = 2I i, jð Þ − I i − step, jð Þ − I i + step, jð Þj j
+ 2I i, jð Þ − I i, j − stepð Þ − I i, j + stepð Þj j
+ 2I i, jð Þ − I i − step, j − stepð Þ − I i + step, j + stepð Þj j
+ 2I i, jð Þ − I i − step, j + stepð Þ − I i + step, j + stepð Þj j,

ð6Þ

where step represents the variable distance between the coef-
ficients (in this paper, step = 1); Iði, jÞ is the coefficient at
point ði, jÞ.

In order to eliminate the block effect or grayscale distor-
tion that may be caused by the boundary discontinuity at the
junction between the clear area and the fuzzy area, the sum
of modified Laplacian (SML) in the field centered on point
ði, jÞ is defined as

SML i, jð Þ =〠
p

〠
q

W p, qð Þ ML i + p, j + qð Þ½ �2, ð7Þ

Research on pixel level
image fusion algorithm

Image segmentation
objective extraction

Research on feature and
image fusion algorithm

Research on
TLBO algorithm

Image quality evaluation

Objective evaluation
index

Comparison of fusion results

Algorithm research Image
samples Quality evaluation

Figure 1: Flowchart for research on infrared and visible image fusion algorithm.
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where Wðp, qÞ is the corresponding window function. Expe-
rience shows that the best highlighting effect of the window
center pixel and its changing boundary should be set as

W p, qð Þ = 1
15

1 2 1
2 3 2
1 2 1

2
664

3
775: ð8Þ

The sum of modified Laplacian can well represent the
edge details of the image, reflect the sharpness of the image,
and show superior fusion performance in the fusion image.

(5) High-Frequency Coefficient Processing Based on PCNN.
The high-frequency subband image represents the edge
details of the image, so the coefficients decomposed by
NSCT can be directly input into PCNN as excitation in the
process of high-frequency coefficient fusion. The specific
steps are as follows:

The PCA transformation and fusion process of multisen-
sor images is as follows:

(1) In high-frequency subband images, the normalized
gray values of each pixel are directly taken as the
external input of PCNN to calculate the ignition
times of each input excitation. The formula is
expressed as

Tk
ij nð Þ = Tk

ij n − 1ð ÞYk
ij nð Þ: ð9Þ

(2) The processing steps for the same low-frequency
coefficient are as follows:

Dk
ij,F N1ð Þ = 1, if : Tk

ij,A N1ð Þ ≥ Tk
ij,B N1ð Þ,

0, others,

(
ð10Þ

IkF i, jð Þ =
IkA i, jð Þ, if : Dk

ij,F N1ð Þ = 1,

IkB i, jð Þ, if : Dk
ij,F N1ð Þ = 1,

8<
: ð11Þ

where IkFði, jÞ, IkAði, jÞ, and IkBði, jÞ, respectively, represent the
gray values of the fusion image and the original image A and
Bði, jÞ, and k represents the NSCT decomposition of the k
-layer. After each fusion subband image is obtained, the
fusion image is obtained by NSCT inverse transformation.

3.1.2. Feature-Level Fusion Algorithm

(1) Low-Frequency Domain Fusion Rule Based on Fuzzy
Logic. Based on fuzzy rules, fusion can also be divided into
two types: spatial domain fusion and frequency domain
fusion. Teng et al. fuzzified all pixel points into five fuzzy
subsets based on the gray value of the image, then deter-
mined the membership degree of each fuzzy subset in the
corresponding domain by a triangular membership func-
tion, and formulated fusion rules on this basis to obtain
fusion results [19]. Cai and Wei first decomposed the source
image into the frequency domain and then formulated the
fusion rules in the low-frequency domain by using the fuzzy
logic criterion to maximize the information content of the
fusion sub-band image in the low-frequency domain [20].
In this paper, Gaussian membership function is used to
determine the weight coefficient of image fusion, whose def-
inition is expressed as

λ1 i, jð Þ = exp −
f1 i, jð Þ − μð Þ2
2 kσð Þ2

" #
, ð12Þ

where σ is the standard deviation of the sub-band image,
f1ðⅈ, jÞ is the low-frequency decomposition coefficient of
point ði, jÞ, μ is the average value of the decomposition coef-
ficient, and k is a constant.

(2) High-Frequency Domain Fusion Rules Based on Segmen-
tation Results. The role of high-frequency fusion rules is to
solve the problem that the target is not significant in the
pixel-level fusion results and then improve the texture
energy and other features of trees in the fusion results, so
that the tree features extracted from the fusion results are
more accurate. The flow chart is shown in Figure 2.

(3) Fusion Coefficient Optimization Algorithm. Teaching-
learning-based optimization algorithm (TLBO) is a swarm
intelligence algorithm proposed by Rao et al., an Indian
scholar, in 2011 [21]. It imitates the learning process model
of students and can be divided into two parts: teaching and
learning phases. In 2014, Jin and Wang first applied TLBO
optimization algorithm to image fusion to optimize the
fusion coefficient and improve the image quality evaluation
index [22].

Infrared image high-
frequency subband

Visible image high-
frequency subband

Characteristics of the target Background region

Anisotropy calculation Big coefficient chosen

Fusion of high
frequency subbands

Figure 2: Flowchart for high-frequency fusion.
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(1) Teaching phase

In the teaching phase, the overall optimization can be
achieved by encouraging top students. Figure 3 shows the
schematic diagram of the overall optimization process in this
phase.

As shown in the curve for a group of student’s overall
academic record in Figure 3, the result agrees with the nor-
mal distribution, with its average representing students’ over-
all level. In each optimization process, the teacher scored the
best by students is defined, and then the level of the teacher is
further optimized in the overall level of students through
their influence.

(2) Learning phase

In the learning phase, the target function index can be
improved through mutual learning among individuals. The
process is carried out according to the following rules:

if f xið Þ < f xj
� �

, xnew,i = xold,i + ri xi − xj
� �

,

else, xnew,i = xold,i + r j xj − xi
� �

:
ð13Þ

Compared with PSO, GA, and other optimization algo-
rithms, the coefficient in TLBO has less influence on the opti-
mization effect, with better convergence but requires shorter
optimization time.

The detailed optimization steps are as follows:

(a) The weight coefficients determined by Gaussian
membership function during image fusion were con-
verted into a row of vectors, which were used as a
group of samples. Another 9 groups of vectors with
the same size were randomly generated to form the
model to be tested

(b) The entropy value of fusion image was selected as
the objective function

(c) The model was put into the TLBO system, and the
fusion coefficient group under the optimal entropy
value was obtained through the cycle until the con-
vergence of objective function

(d) The cycle was terminated

(4) Improved TLBO Parameter Optimization Algorithm. The
basic TLBO algorithm can find the global optimal value
when solving simple low-dimensional problems, but when
solving complex multimode high-dimensional problems, it
is easy to fall into the local optimal value and cannot find
the values adjacent to the global optimal value. Many
scholars have improved the TLBO algorithm. Rao et al. sup-
plemented and improved the structure of TLBO algorithm.
Gao et al. introduced the crossover operation of differential
evolution algorithm into the algorithm to further improve
the local search ability of the algorithm [23]. All the indexes
of the image optimized by using the basic TLBO algorithm
were improved but not quite significantly. Therefore, in
order to enhance the search ability of the algorithm and
improve the evaluation index value to a greater extent, the
value range of optimization coefficients Ri and T f of TLBO
algorithm was further adjusted.

The detailed optimization steps of the improved TLBO
are as follows:

(1) The weight coefficients determined by Gaussian
membership function during image fusion were con-
verted into a row of vectors, which are used as a
group of samples. Another 9 groups of vectors with
the same size were randomly generated to form the
model to be tested

(2) The entropy value of fusion image was selected as
the objective function

(3) The value range of T f was kept unchanged, the range
of parameter Ri was set to compare the influence of
Ri in different ranges on the image entropy, and then
the optimal Ri was selected

(4) The model was put into the TLBO system, and the
fusion coefficient group under the optimal entropy
value was obtained through the cycle until the con-
vergence of the objective function

(5) The Ri value range was kept unchanged, the param-
eter T f range was set to compare the influence of T f

1

0.8

0.6

0.4

0.2

0
1050

Before optimization
After optimization

–5 15 20

Figure 3: Schematic diagram of optimization process.
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in different ranges on the image entropy value, and
then the optimal T f was selected

(6) The model was then brought into the TLBO system,
and the fusion coefficient group under the optimal
entropy value was obtained through the cycle until
the convergence of objective function

(7) The cycle was terminated

3.1.3. The Evaluation Index. In this paper, information
entropy, mean gradient, standard deviation, spatial resolu-
tion, and interactive information are selected as image eval-
uation indicators.

(1) Information Entropy. Information entropy is the most
widely used objective evaluation index of images at present,
which quantitatively describes the information contained in
images, and its mathematical definition is expressed as

E = −〠
255

i=0
Pi log Pi, ð14Þ

where E represents information entropy, and P represents
the proportion of the number of pixels with gray value of I
in the total pixel points. The larger the information entropy
is, the more scattered the gray value of image pixels is, the
richer the content is, the larger the information is, and the
better the fusion effect is.

(2) Average Gradient. The average gradient reflects the dif-
ference between adjacent pixels in the image. The larger
the average gradient is, the greater the image contrast is,
the more obvious the edge effect of objects in the image is,
and the clearer the texture details are. The mean gradient
is defined as

grad = 1
m − 1ð Þ n − 1ð Þ 〠m−1

〠
n−1

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
F i, jð Þ − F i + 1, jð Þð Þ2 + F i, jð Þ − F i, j + 1ð Þð Þ2

2

r
,

ð15Þ

where grad represents the average gradient; m and n are the
size of the image; Fði, jÞ represents the pixel gray value of
coordinate ði, jÞ.

(3) Standard Deviation. Standard deviation represents the
dispersion degree of pixel gray value distribution. The larger
the value is, the more discrete the gray value distribution of
image pixels is, and the stronger the contrast. The mathe-
matical expression of standard deviation is defined as

std =

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
∑ F i, jð Þ − �F
� �2

n − 1ð Þ

s
, ð16Þ

where STD stands for standard deviation, Fði, jÞ stands for
pixel value at point ði, jÞ, and �F stands for pixel mean of
all pixel points.

(4) Spatial Resolution. Spatial frequency is a parameter used
to represent the activity degree of images in space. The
higher the value is, the higher the activity degree of images
in space is and the better the quality of images is. The for-
mula of spatial frequency is expressed as

RF =

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

M ×N
〠
M

i=1
〠
N

j=2
F i, jð Þ − F i, j − 1ð Þ½ �2

vuut , ð17Þ

CF =

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

M ×N
〠
M

i=2
〠
N

j=1
F i, jð Þ − F i − 1, jð Þ½ �2

vuut , ð18Þ

SF =
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
RF2 + CF2

p
, ð19Þ

where SF is spatial frequency, RF and CF represent spatial
column frequency and spatial row frequency, respectively.
M,N represent the number of rows and columns of the
image, and Fði, jÞ is the gray value of pixel point ði, jÞ.

(5) Interactive Information. Interactive information, also
known as mutual information, is usually used to demon-
strate the correlation between multiple variables. In the
image quality evaluation system, it is used to evaluate the
correlation between fusion results and original samples.
The greater the amount of interaction information, the
higher the correlation between the fusion result and the orig-
inal sample, and the more information can be obtained from
the original sample:

MIAF = E Að Þ + E Fð Þ − E AFð Þ, ð20Þ

MIBF = E Bð Þ + E Fð Þ − E BFð Þ, ð21Þ
MI =MIAF +MIBF, ð22Þ

where MI is the interactive information, A, B represents the
original sample, F is the fusion result, and E is the image
entropy value.

3.2. Data Analysis Materials. Nearly 400 groups of forest
infrared and visible images were collected in this study.
The equipment used is Fluke TI55 infrared thermal imager.
The time period selected in this experiment is the morning
and evening when the temperature difference is large, and

Figure 4: Fluke Ti55 infrared thermal imaging camera.
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Table 1: Technical parameters of Fluke Ti55.

Visible lens Infrared lens

Detector type 1280∗1024 full color pixel 320∗240 focal plane array

Calibration temperature range -20~600°C -20~600°C
Visual angle — 23°∗ 17°

Spatial resolution 0.47mrad 1.30mrad

Minimum focus 0.6m 0.15m

Accuracy 2% —

NETD — ≤0.05°C
Spectral band — 8~ 14 μm
Detector type 1280∗1024 full color pixel 320∗240 focal plane Array

Calibration temperature range -20~600°C -20~600°C

(a) (b)

Figure 5: Examples of infrared image and visible image ((a) infrared image; (b) visible image).

(a) (b)

(c)

Figure 6: Pixel level fused result ((a) wavelet transform; (b) PCA; (c) contourlet and PCNN).

7Journal of Sensors



Table 2: Quality assessment of pixel-level fusion result.

Information entropy Average gradient Standard deviation Spatial resolution Interactive information

Wavelet transform 7.5953 62.1048 19.8465 28.9314 5.4801

PCA transform 6.8579 55.7364 16.6849 23.3580 5.2299

Contourlet +PCNN 7.6367 56.3843 18.6997 29.2188 5.5820

(a) (b)

Figure 7: Fusion result of pixel level and region-based level ((a) pixel-level; (b) region-based level).

Table 3: Quality assessment of pixel-level and region-based level fusion results.

Information
entropy

Average
gradient

Standard
deviation

Spatial
resolution

Interactive
information

Pixel-level image fusion results 7.6367 56.3843 18.6997 29.2188 5.5820

Feature level image fusion results 7.3981 46.2270 15.4640 29.9097 5.8198

Table 4: Quality assessment of region-based level and TLBO optimization fusion results based on image samples.

Information entropy Average gradient Standard deviation Spatial resolution Interactive information

Region-based level 7.3981 46.2270 15.4640 29.9097 5.8198

TLBO optimization 7.5121 54.9715 17.4434 33.1374 6.0479

(a) (b)

Figure 8: Fusion result of region-based level and TLBO optimization based on image samples ((a) region-based level; (b) TLBO
optimization).

8 Journal of Sensors



the afternoon when the visual effect is easily affected. The
image sample collection experiment and experimental
equipment of this study are shown in Figure 4, and its tech-
nical parameters are shown in Table 1.

The infrared lens captures the spectral information in
the 8-14 band, which is the middle and far infrared image.
The contour of forest edge in infrared samples is obvious
and thus easy to be segmented and extracted, but the accu-
racy of target recognition cannot be guaranteed due to the
lack of details such as texture. Visible light samples contain
rich texture details, but there is a very small gray difference
between trees and background area without any pronounced
characteristics, so it is difficult to achieve the stable extrac-
tion of tree information alone. Therefore, the purpose of this
study is to improve image quality and accurately extract for-
est tree feature information by integrating the characteristics
of infrared and visible images through fusion processing to
ensure the accuracy of recognition.

4. Results

4.1. Pixel-Level Image Fusion Results. Figure 5 shows samples
of infrared and visible forest images. Figure 6 shows the
results of wavelet decomposition algorithm, PCA fusion
algorithm, and contoulet combined with PCNN fusion algo-
rithm, respectively. In wavelet transform, the image is
decomposed into a low-frequency domain and a high-
frequency domain in three directions, including horizontal
high-frequency domain, vertical high-frequency domain,
and oblique high-frequency domain. Wavelet decomposi-
tion can overcome the instability of Laplace decomposition
and effectively reduce the influence of noise on the image.
However, due to the defect of wavelet decomposition basis,
jagged block error is likely to occur when processing smooth
curves. PCA transformation of the principal component
information is relatively high, using the gray value of pan-

chromatic band image to replace PCA, and then inverse
transformation of the enhanced multispectral band image,
the information is vulnerable to loss. Contourlet decomposi-
tion +PCNN transform can avoid block effect and grayscale
distortion while improving image definition and contrast,
avoiding generating new noise and expanding the informa-
tion of a single image.

From the perspective of subjective evaluation, the fusion
results synthesize the features of the source image, expand
the information content of a single image, and improve the
image clarity. Based on contourlet decomposition, this algo-
rithm is a multiscale and multidirection computing frame-
work for discrete images. It can be regarded as the
enhancement technology of contourlet decomposition,
which can carry out multidirection decomposition and mul-
tiscale decomposition of images, respectively. By the
improved method, contourlet decomposition +PCNN trans-
form can eliminate the aliasing effect caused by using con-
tourlet and provide a good and stable input signal for the
subsequent fusion.

In order to quantitatively evaluate the quality of the
fusion results, the image was quantitatively analyzed, as
shown in Table 2. As can be seen from the table, the stan-
dard deviation and mean gradient data distortion of wavelet
fusion are caused by the fact that wavelet transform cannot
effectively process the smooth curve in the image, which is
likely to result in the jagged noise and interferes with the sta-
tistical characteristics of the image. Contourlet decomposi-
tion +PCNN transform can avoid block effect and
grayscale distortion, while improving image definition and
contrast, avoiding generating new noise, and expanding the
information of a single image. It can also more accurately
describe the forest area of the tree information and its scene
details. In terms of quantitative data analysis, the results
obtained by contourlet combined with PCNN algorithm
are better than those obtained by the other two algorithms

Table 5: Quality assessment of region-based level and TLBO optimization fusion results based on the other group images.

Information entropy Average gradient Standard deviation Spatial resolution Interactive information

Region-based level 7.2378 38.5448 18.2632 31.9562 5.7235

TLBO optimization 7.3910 45.8079 18.8261 32.5719 5.2021

(a) (b)

Figure 9: Fusion result of region-based level and TLBO optimization based on the other group images ((a) region-based level; (b) TLBO
optimization).
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in entropy, spatial resolution, and interactive information,
and they also have slightly lower standard deviation and
mean gradient is slightly lower than the traditional algo-
rithm, but higher than PCA.

Therefore, the fusion result of contourlet decomposition
+PCNN transform has a larger amount of information,
stronger contrast, and better visual effect. At the same time,
it can effectively avoid grayscale distortion and block effect
easily caused by the fusion between forest infrared and visi-
ble images while avoiding the influence of noises. Therefore,
compared with common pixel-level fusion algorithms, this
algorithm performs better in improving image information
and sharpness.

4.2. Feature-Level Image Fusion Results. Compared with the
pixel-level image fusion algorithm, the high-frequency
domain fusion algorithm proposed in Figure 7 improves
the visual effect of the image. In the forest image, the back-
ground area has little influence on the target area, which

reduces the block effect and ringing effect behind. The con-
tour is clearer and more information about the target area is
retained. Compared with the pixel pole fusion image, the
block effect is significantly reduced. As can be seen from
Table 3, pixel-level fusion images have the best data in terms
of entropy, mean gradient, standard deviation, and spatial
frequency, indicating that pixel-level fusion images are bet-
ter in terms of information content, contrast, and spatial
activity. The spatial resolution and interactive information
of feature-level fusion images are optimal, which indicates
that the image is better than other fusion images in terms
of the degree of association with the source image and noise
interference prevention.

As can be seen from the table, the result obtained by the
feature-level fusion algorithm has a larger amount of infor-
mation and better visual effect. It effectively avoids grayscale
distortion and block effect easily caused by the fusion of for-
est infrared and visible images while avoiding the influence
of noises. Among different evaluation indexes, pixel-level

(a) (b)

(c) (d)

(e)

Figure 10: Comparison of fusion result based on UN-CAMP images ((a) infrared light sample; (b) visible light sample; (c) feature-level
fusion; (d) original TLBO algorithm; (e) improved TLBO algorithm).
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and feature-level fusion results are better, so different fusion
methods can be adapted according to different requirements.

4.3. Results of TLBO Algorithm. The feature-level image
fusion results of the infrared and visible images mentioned

above are shown in Table 4. It can be seen from the table
that its entropy value was 7.3981, but was 7.5121 after the
optimization of the original TLBO model. Figure 8 shows
the comparison between the optimized image and the origi-
nal feature pole fusion image.

Table 8: Quality assessment of region-based level and improved TLBO optimization fusion results based on the other group images.

Information entropy Average gradient Standard deviation Spatial resolution Interactive information

Region-based level 7.2378 38.5448 18.2632 31.9562 5.7235

TLBO optimization 7.3910 45.8079 18.8261 32.5719 5.2021

Improved TLBO optimization 7.3979 45.8553 18.6944 32.3447 5.2667

Table 6: Quality assessment of region-based level and improved TLBO optimization fusion results based on UN-CAMP images.

Information entropy Average gradient Standard deviation Spatial resolution Interactive information

Region-based level 7.0048 35.2247 4.5529 10.0739 4.8237

TLBO optimization 7.0858 37.6909 5.3584 10.5275 4.8651

Improved TLBO optimization 7.1483 39.9000 5.8673 11.6199 4.9080

(a) (b)

(c)

Figure 11: Comparison of fusion result based on image samples ((a) feature-level fusion; (b) original TLBO algorithm; (c) improved TLBO
algorithm).

Table 7: Quality assessment of region-based level and improved TLBO optimization fusion results based on image samples.

Information entropy Average gradient Standard deviation Spatial resolution Interactive information

Region-based level 7.3981 46.2270 15.4640 29.9097 5.8198

TLBO optimization 7.5121 54.9715 17.4434 33.1374 6.0479

Improved TLBO optimization 7.6921 57.0801 17.6343 29.7725 5.5715
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The entropy value, standard deviation, and mean gradi-
ent increased by 1.16%, 7%, and 17.69%, respectively. All
the indexes of the optimized image were improved, but not
quite significantly.

The feature-level image fusion results of the other group
of infrared and visible images are shown in Table 5. It can be
seen from the table that its entropy value was 7.2378, but
was 7.3910 after the optimization of the original TLBO
model. Figure 9 shows the comparison between the opti-
mized image and the fusion image of the original feature
pole.

The entropy value, standard deviation, and mean gradi-
ent increased by 2.12%, 18.84%, and 3.10%, respectively.
Except for interactive information, all the indexes of the
optimized image were improved, but not quite significantly.
The interaction information represents the relationship
between the fusion image and the source image, and the
larger the value is, the better the fusion effect is. However,
in the fusion image, more infrared image information is
needed to obtain a more obvious contour and detailed tex-
ture with a better entropy value, so the parameters of inter-
action information are relatively low.

4.4. Results of Improved TLBO Algorithm. Figures 10(a) and
10(b) are a group of infrared and visible light sample images
named UN-CAMP, which have been applied to effect com-
parison in many domestic and foreign literature on image
fusion algorithms. Figure 10(c) is the feature-level fusion
image. Figures 10(d) and 10(e) are, respectively, the opti-
mized results of the original TLBO algorithm and the
improved TLBO algorithm after the random parameter set-

ting. Table 6 shows the corresponding index evaluation
results.

The data in the above table show that all quantitative
evaluation indexes of the results after optimization of fusion
parameters were improved. Compared with before optimiza-
tion, the amount of information and spatial activity of
images increased by 2.05% and 15.27%, respectively, and
the standard deviation and mean gradient of image sharp-
ness and visual effect increased by 13.27% and 28.87%,
respectively.

For the infrared and visible image samples selected
above, after the same random parameter setting process,
the entropy value of the fused image reached the optimal
value when the value range of the random parameter Ri
and T f were fixed at [0.4,0.9] and [0.5,1], respectively.
Figure 11 shows the feature-level fusion image and the opti-
mized results of the original TLBO algorithm and the
improved TLBO algorithm after random parameter setting.

Table 7 shows the evaluation results of corresponding
indicators. For this sample, when all entropy values, stan-
dard deviation, and mean gradient were improved, the spa-
tial resolution and interactive information data decreased
compared with the feature fusion results. Due to complex
background information, the improved TLBO algorithm is
better in terms of the information content, contrast, and spa-
tial activity of the optimized image. However, the processing
results are different from the source image in terms of visual
effect due to the excessive influence of background informa-
tion. In general, the algorithm is quite effective in improving
the quality of fusion images and execution efficiency and in

(a) (b)

(c)

Figure 12: Comparison of fusion result based on the other group images ((a) feature-level fusion; (b) original TLBO algorithm; (c) improved
TLBO algorithm).
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achieving better extraction results of target forest images
than other algorithms.

For the infrared and visible images of the other group,
after the same random parameter setting, the entropy value
of the fused image reached the optimal value when the value
range of the random parameter Ri and T f were fixed at
[0.3,0.8] and [0.5,1], respectively. Figure 12 shows the
feature-level fusion image, the optimized results of the orig-
inal TLBO algorithm, and the improved TLBO algorithm
after random parameter setting.

Table 8 shows the evaluation results of corresponding
indicators. As can be seen from the table, when the entropy
value and standard deviation indicators were improved, the
spatial resolution and mean gradient data became lower
than the original optimization results, but still higher than
the feature-level fusion image. In the algorithm, the amount
of information and contrast of the optimized image are bet-
ter. By comparing the results obtained from multiple sets of
data, it can be seen that for different image samples, the algo-
rithm has relatively optimized effects in improving the qual-
ity of fusion images and execution efficiency and could
achieve better extraction results of target forest images than
other algorithms.

5. Discussion and Conclusions

In the pixel-level image fusion algorithm research, the pulse
coupled neural network model relying on contourlet trans-
form is applied to avoid block effect and grayscale distortion
caused by the fusion of infrared and visible images. Given
the significant difference in gray level between infrared and
visible forest images, a reasonable threshold value is selected
in the low-frequency domain fusion processing. The points
with different output pulse signals are treated differently,
and the fusion rules are explicitly formulated. Thus, gray-
scale distortion and block effect are avoided, but the quality
of the fusion image can be effectively improved, and all eval-
uation indexes of the image can be improved to some extent.
In the research of feature-level image fusion algorithms, the
PCNN model was used to eliminate the influence of noise in
path optimization. The segmentation consequences are suffi-
cient to meet the needs of feature-level fusion research even
though they are disturbed by confusable issues. Based on the
fuzzy logic rules, the fusion rules in the low-frequency
domain are formulated by calculating the degree of dissimi-
larity between corresponding points of source images. The
fusion rules in the high-frequency domain are determined
by combining the image segmentation results. While ensur-
ing the visual effect of the fused image, the detailed charac-
teristic information of the target region in the image was
displayed, making the research on image fusion a more tar-
geted and purposeful algorithm into the algorithm to
improve further the local search ability of the algorithm
[24, 25]. The experimental results show that the feature-
level image fusion algorithm ensures image quality, achieves
the detailed display of the tree target area in the image, and
improves quality evaluation indexes. Compared with the
pixel-level fusion results, the tree texture obtained by this
method is more evident, with more apparent edges.

In the research of feature-level image optimization, the
teaching learning-based optimization (TLBO) parameter
optimization algorithm is introduced to optimize the fusion
coefficient in the fusion process to improve the fusion
image’s index data. In order to obtain better image results,
the optimal parameter combination for different image
groups to achieve the optimal effect by setting the value
range of random parameters in the TLBO model and various
quantitative evaluation indexes of fused images was
improved. Pixel-level and feature-level fusion algorithms
have appropriate advantages for different occasions. Pixel-
level fusion has advantages in improving image information
and sharpness, but it takes twice as long to process informa-
tion as feature-level fusion. Feature-level fusion has a
broader application space in forestry intelligent information
detection as it can highlight the target area and reduce com-
putation. The setting of algorithm parameters has an impor-
tant influence on its optimization ability. The teaching factor
of the basic TLBO algorithm varies only, which affects the
optimization performance of the algorithm. Therefore, an
improved TLBO optimization algorithm is proposed to
design the teaching factor by segmenting strategy to process
the image. Experimental results verify the algorithm’s effec-
tiveness, which has good searching ability and fusion image
quality. In the future, this proposed method will be extended
to theoretical research and practical applications including
time-serial prediction and pattern recognition [16, 26–28].

Data Availability

All data included in this study are available upon request by
contact with the corresponding author.

Conflicts of Interest

The authors declare no conflict of interest.

Authors’ Contributions

Conceptualization was done by Jinghua Wang and Lei Yan;
methodology was done by Jinghua Wang; software was done
by Jinghua Wang; validation was done by Jinghua Wang;
formal analysis was done by Lei Yan and Fan Wang; inves-
tigation was done by Lei Yan and Fan Wang; resources
was done by Lei Yan; data curation was done by Jinghua
Wang and Lei Yan; writing—original draft preparation was
done by Jinghua Wang; writing—review and editing was
done by Jinghua Wang and Shulin Li; visualization was done
by Jinghua Wang and Shulin Li; supervision was done by Lei
Yan; project administration was done by Lei Yan; funding
acquisition was done by Lei Yan. All authors have read
and agreed to the published version of the manuscript.

Acknowledgments

This research was funded by the National Key Research and
Development Program of China (no. 2021YFD2100605), the
National Natural Science Foundation of China (nos.
62006008, 62173007, and 31770769), and the Fundamental

13Journal of Sensors



Research Funds for the Central Universities (no. 2015ZCQ-
GX-03).

References

[1] J. Kong, H. Wang, X. Wang, X. Jin, X. Fang, and S. Lin, “Multi-
stream hybrid architecture based on cross-level fusion strategy
for fine-grained crop species recognition in precision agricul-
ture,” Computers and Electronics in Agriculture, vol. 185, arti-
cle 106134, 2021.

[2] J. Kong, C. Yang, J. Wang et al., “Deep-stacking network
approach by multisource data mining for hazardous risk iden-
tification in IoT-based intelligent food management systems,”
Computational Intelligence and Neuroscience, vol. 2021, Arti-
cle ID 1194565, 16 pages, 2021.

[3] M. I. Daily, T. Farr, and C. Elachi, “Geologic interpretation
from composited radar and Lansat imagery,” Photogrammetric
Engineering and Remote Sensing, vol. 45, no. 8, pp. 1109–1116,
1979.

[4] A. Toet, “Image fusion by a ratio of low-pass pyramid,” Patten
Recognition Letters, vol. 9, no. 4, pp. 245–253, 1989.

[5] R. A. Eggleston and C. A. Kohl, “Symbolic fusion of MMW
and IR imagery,” Proceedings of SPIE, vol. 1003, pp. 20–27,
1988.

[6] A. Toet, J. K. Ijspeert, A. M.Waxman, andM. Aguilar, “Fusion
of visible and thermal imagery improves situational aware-
ness,” Proceedings of SPIE on Enhanced and Synthetic Vision,
vol. 3088, pp. 177–188, 1997.

[7] L. P. Pappas, P. Malik, and M. Styner, “New method to assess
the registration of CT·MR images of the head,”Medical Imag-
ing 2004: Image Processing, vol. 5370, pp. 129–136, 2004.

[8] X. B. Jin, W. Z. Zheng, J. L. Kong et al., “Deep-learning fore-
casting method for electric power load via attention-based
encoder-decoder with Bayesian optimization,” Energies,
vol. 14, no. 6, p. 1596, 2021.

[9] Y. Liu, S. Liu, and Z. Wang, “Multi-focus image fusion with
dense SIFT,” Information Fusion, vol. 23, pp. 139–155, 2015.

[10] D. M. Bulanona, T. F. Burksa, and V. Alchanatisb, “Image
fusion of visible and thermal images for fruit detection,” Bio-
systems Engineering, vol. 103, no. 1, pp. 12–22, 2009.

[11] Y. Lei, D. Xiaokang, K. Jianlei, Y. Zheng, and L. Jinhao,
“Parameters optimization algorithms for improving the per-
formance of obstacles identification in forest area,” INMA-
TEH-Agricultural Engineering, vol. 40, no. 2, pp. 43–52, 2013.

[12] Y. Lei, D. Xiaokang, Y. Zheng, K. Jianlei, and L. Jinhao, “A
novel identification method of obstacles based on multi-
sensor data fusion in forest,” Sensors & Transducers, vol. 155,
no. 8, p. 155, 2013.

[13] C. Pohl and J. L. Van Genderen, “Review article multisensor
image fusion in remote sensing: concepts, methods and appli-
cations,” International Journal of Remote Sensing, vol. 19,
no. 5, pp. 823–854, 1998.

[14] G. Stephane and A. Matllat, “A theory for multiresolution sig-
nal decomposition: the wavelet representation,” IEEE Transac-
tions on Pattern Analysis and Machine Intelligence, vol. 11,
no. 7, pp. 674–693, 1989.

[15] M. Do andM. Vetterli, “Contourlets: a directional multiresolu-
tion image representation,” International Conference of Image
Processing Proceedings, vol. 1, pp. 357–369, 2002.

[16] X. B. Jin, W. Z. Zheng, J. L. Kong et al., “Deep-learning tempo-
ral predictor via bi-directional self-attentive encoder-decoder

framework for IOT-based environmental sensing in intelligent
greenhouse,” Agriculture, vol. 11, no. 8, p. 802, 2021.

[17] Y. Y. Zheng, J. L. Kong, X. B. Jin, X. Y. Wang, T. L. Su, and
M. Zuo, “CropDeep: the crop vision dataset for deep-
learning-based classification and detection in precision agri-
culture,” Sensors, vol. 19, no. 5, p. 1058, 2019.

[18] Y. Y. Zheng, J. L. Kong, X. B. Jin, X. Y. Wang, T. L. Su, and
M. Zuo, “Probability fusion decision framework of multiple
deep neural networks for fine-grained visual classification,”
IEEE Access, vol. 7, pp. 122740–122757, 2019.

[19] J. Teng, S. Wang, J. Zhang, and W. Xue, “Fusion algorithm of
medical images based on fuzzy logic,” in 2010 Seventh Interna-
tional Conference on Fuzzy Systems and Knowledge Discovery,
pp. 546–559, Yantai, China, 2010.

[20] W. Cai and Z. Wei, “Pii GAN: generative adversarial networks
for pluralistic image inpainting,” IEEE Access, vol. 8,
pp. 48451–48463, 2019.

[21] R. V. Rao, V. J. Savsani, and D. P. Vakharia, “Teaching-learn-
ing-based optimization: a novel method for constrained
mechanical design optimization problems,” Computer-Aided
Design, vol. 43, no. 3, pp. 303–315, 2011.

[22] H. Jin and Y. Wang, “A fusion method for visible and infrared
images based on contrast pyramid with teaching learning
based optimization,” Infrared Physics & Technology, vol. 64,
pp. 134–142, 2014.

[23] Y. Han, Y. Cai, Y. Cao, and X. Xu, “A new image fusion perfor-
mance metric based on visual information fidelity,” Informa-
tion Fusion, vol. 14, no. 2, pp. 127–135, 2013.

[24] B. Mandal and P. K. Roy, “Optimal reactive power dispatch
using quasi-oppositional teaching learning based optimiza-
tion,” International Journal of Electrical Power & Energy Sys-
tems, vol. 53, pp. 123–134, 2013.

[25] R. V. Rao and V. Patel, “Comparative performance of an elitist
teaching-learning-based optimization algorithm for solving
unconstrained optimization problems,” International Journal
of Industrial Engineering Computations, vol. 4, no. 1, pp. 29–
50, 2013.

[26] X.-B. Jin, W.-T. Gong, J.-L. Kong, Y.-T. Bai, and T.-L. Su,
“PFVAE: a planar flow-based variational auto-encoder predic-
tion model for time series data,” Mathematics, vol. 10, no. 4,
p. 610, 2022.

[27] X.-B. Jin, J.-S. Zhang, J.-L. Kong, Y.-T. Bai, and T.-L. Su, “A
reversible automatic selection normalization (RASN) deep
network for predicting in the smart agriculture system,”
Agronomy, vol. 12, p. 591, 2022.

[28] J.-L. Kong, H.-X. Wang, C.-C. Yang, X.-B. Jin, M. Zuo, and
X. Zhang, “Fine-grained pests and diseases recognition via
spatial feature-enhanced attention architecture with high-
order pooling representation for precision agriculture prac-
tice,” Agriculture, vol. 2022, article 1592804, 2022.

14 Journal of Sensors


	Improved TLBO for Fusion of Infrared and Visible Images
	1. Introduction
	2. Related Works
	3. Materials and Methods
	3.1. Data Modeling Methods
	3.1.1. Pixel Level Image Fusion Algorithm
	3.1.2. Feature-Level Fusion Algorithm
	3.1.3. The Evaluation Index

	3.2. Data Analysis Materials

	4. Results
	4.1. Pixel-Level Image Fusion Results
	4.2. Feature-Level Image Fusion Results
	4.3. Results of TLBO Algorithm
	4.4. Results of Improved TLBO Algorithm

	5. Discussion and Conclusions
	Data Availability
	Conflicts of Interest
	Authors’ Contributions
	Acknowledgments

