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Fig. 9 Fusion images at different focal lengths
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six algorithms
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Table 3 Four evaluation indicators at different focal lengths
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Stationary Wavelet Transform and Parameter-Adaptation
Dual Channel Pulse-Coupled Neural Network
LI Jiahao', QU Hongjun', GAO Mingzhe’, TONG Dezhi’, GUO Ya'*”

(1. Key Laboratory of Advanced Process Control in Light Industry, Ministry of Education, School of Internet of Things En-
gineering, Jiangnan University, Wuxi 214122, China; 2. Logistics Management Service Environmental Centre of Jiangnan
University, Wuxi 214122, China; 3. Chloview Technology (Wuxi) Co. , LTD. , Wuxi 214000, China)

Abstract:

[Objective] To construct the 3D point cloud model of green plants a large number of clear images are needed. Due to the limitation of

the depth of field of the lens, part of the image would be out of focus when the green plant image with a large depth of field is collect-

ed, resulting in problems such as edge blurring and texture detail loss, which greatly affects the accuracy of the 3D point cloud model.
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However, the existing processing algorithms are difficult to take into account both processing quality and processing speed, and the ac-
tual effect is not ideal. The purpose of this research is to improve the quality of the fused image while taking into account the process-
ing speed.

[Methods] A plant image fusion method based on non-subsampled shearlet transform (NSST) based parameter-adaptive dual channel
pulse-coupled neural network (PADC-PCNN) and stationary wavelet transform (SWT) was proposed. Firstly, the RGB image of the
plant was separated into three color channels, and the G channel with many features such as texture details was decomposed by NSST
in four decomposition layers and 16 directions, which was divided into one group of low frequency subbands and 64 groups of high
frequency subbands. The low frequency subband used the gradient energy fusion rule, and the high frequency subband used the PADC-
PCNN fusion rule. In addition, the weighting of the eight-neighborhood modified Laplacian operator was used as the link strength of
the high-frequency fusion part, which enhanced the fusion effect of the detailed features. At the same time, for the R and B channels
with more contour information and background information, a SWT with fast speed and translation invariance was used to suppress
the pseudo-Gibbs effect. Through the high-precision and high-stability multi-focal length plant image acquisition system, 480 images
of 8 experimental groups were collected. The 8 groups of data were divided into an indoor light group, natural light group, strong light
group, distant view group, close view group, overlooking group, red group, and yellow group. Meanwhile, to study the application
range of the algorithm, the focus length of the collected clear plant image was used as the reference (18 mm), and the image acquisi-
tion was adjusted four times before and after the step of 1.5 mm, forming the multi-focus experimental group. Subjective evaluation
and objective evaluation were carried out for each experimental group to verify the performance of the algorithm. Subjective evalua-
tion was analyzed through human eye observation, detail comparison, and other forms, mainly based on the human visual effect. The
image fusion effect of the algorithm was evaluated using four commonly used objective indicators, including average gradient (AG),
spatial frequency (SF), entropy (EN), and standard deviation (SD).

[Results and Discussions] The proposed PADC-PCNN-SWT algorithm and other five algorithms of common fast guided filtering al-
gorithm (FGF), random walk algorithm (RW), non-subsampled shearlet transform based PCNN (NSST-PCNN) algorithm, SWT algo-
rithm and non-subsampled shearlet transform based parameter-adaptive dual-channel pulse-coupled neural network (NSST-PADC)
and were compared. In the objective evaluation data except for the red group and the yellow group, each index of the PADC-PCNN-
SWT algorithm was second only to the NSST-PADC algorithm, but the processing speed was 200.0% higher than that of the NSST-
PADC algorithm on average. At the same time, compared with the FDF, RW, NSST-PCNN, and SWT algorithms, the PADC-PCN
-SWT algorithm improved the clarity index by 5.6%, 8.1%, 6.1%, and 17.6%, respectively, and improved the spatial frequency index
by 2.9%, 4.8%, 7.1%, and 15.9%, respectively. However, the difference between the two indicators of information entropy and stan-
dard deviation was less than 1%, and the influence was ignored. In the yellow group and the red group, the fusion quality of the non-
green part of the algorithm based on PADC-PCNN-SWT was seriously degraded. Compared with other algorithms, the sharpness in-
dex of the algorithm based on PADC-PCNN-SWT decreased by an average of 1.1%, and the spatial frequency decreased by an aver-
age of 5.1%. However, the indicators of the green part of the fused image were basically consistent with the previous several groups of
experiments, and the fusion effect was good. Therefore, the algorithm based on PADC-PCNN-SWT only had a good fusion effect on
green plants. Finally, by comparing the quality of four groups of fused images with different focal length ranges, the results showed
that the algorithm based on PADC-PCNN-SWT had a better contour and color restoration effect for out-of-focus images in the range
of 15-21 mm, and the focusing range based on PADC-PCNN-SWT was about 6 mm.

[Conclusions] The multi-focal length image fusion algorithm based on PADC-PCNN-SWT achieved better detail fusion performance
and higher image fusion efficiency while ensuring fusion quality, providing high-quality data, and saving a lot of time for building 3D

point cloud model of green plants.
Key words: multi-focal length; image fusion; stationary wavelet transform; parameter-adaptive; pulse-coupled; neural network
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