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Figure 1 Flow chart of standard SOA
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Table 1 CEC2017 functions
HUREWESE A bR $i 44 PR R
f1 shifted and rotated bent cigar [-100,100]
2 shifted and rotated sum of different power function [-100,100]
f3 shifted and rotated Zakharov function [ -300,300 ]
4 shifted and rotated rosenbrock’s function [-100,100]
5 shifted and rotated rastrigin’s function [ -600,600 ]
6 shifted and rotated expanded scaffer’s {6 function [-60,60]
7 shifted and rotated lunacek bi-rastrigin’s function [-100,100]
8 shifted and rotated non-continuous rastrigin’s function [ -200,200]
9 shifted and rotated levy function [-100,100]
10 shifted and rotated schwefel’s function [-150,150]
*2 EHMBGHAMBESREENIT
Table 2 Comparison with other improved swarm intelligence algorithms
HIFAY SOA HPSO-TS V-DVGA CMA-ES DADE ISOAL
RA mafE HE MM Tk iR YA T iR 4 {H Ji%E iR Y4 {H Tr % i Y4 {H Ji%E
fl 2.13E-03 2.95E-03 4.32E-14 2.84E-11 3.62E-51 3.19E-53 5.69E-47 2.76E-38 6.28E-48 3.00E-40 6.47E-53 3.62E-54
2 1.18E-01 3.49E-01 1.84E-22 5.11E-34 4.22E-25 7.64E-23 3.11E-31 4.54E-27 1.37E-22 5.88E-27 1.56E-34 5.94E-28
f3 8.05E-02 1.17E-02 8.17E-12 5.44E-14 7.56E-27 1.20E-13 3.14E-21 1.07E-27 5.05E-22 3.25E-28 5.32E-30 3.06E-32
f4 9.05E-02 2.06E-01 5.10E-06 1.53E-03 6.18E-06 2.20E-05 5.09E-08 2.65E-08 4.01E-05 2.12E-02 4.49E-07 2.71E-06
f5 6.70E-01 3.48E-01 6.12E-02 2.40E-02 5.31E-02 3.09E-02 7.03E-01 2.23E-01 6.94E-01 3.07E-02 6.69E-02 1.85E-02
6 9.51E-02 5.42E-01 7.94E-06 3.53E-08 5.31E-02 3.09E-02 5.91E-09 4.50E-09 5.42E-06 2.46E-07 6.71E-09 1.74E-08
f7 3.78E-02 1.25E-01 5.14E-06 2.55E-04 4.28E-06 2.02E-01 3.82E-08 2.77E-04 7.21E-04 1.58E-04 2.29E-08 3.46E-05
f8 7.23E-02 3.41E-02 4.63E-03 S5.51E-01 3.67E-04 2.16E-04 1.72E-05 6.43E-02 3.90E-02 2.69E-04 3.81E-06 2.14E-04
9 2.45E-02 1.57E+02 3.15E-01 2.14E-01 3.26E+00 2.94E+00 7.64E-02 3.67E-01 2.98E-04 5.67E—05 3.66E-04 6.83E-05
f10 7.42E-01 1.03E+00 4.27E-02 7.22E-01 3.26E-02 1.38E-04 4.16E-03 7.80E-04 2.37E-02 8.09E-03 3.08E-05 3.91E-05
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Figure 3 Comparison of algorithm convergence curve
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Table 3 Result comparison of design of tension/
compression springs
ik W(x) D(x) Lix)
SzAPSO  0.053  0.364
SAMGA 0.052  0.367

BAY T R
11.389 0.014 1 160 000
11.452 0.014 5 100 000

GSDE  0.051 0.362 11.254 0.0132 90 000
SOA 0.053 0.375 11.455 0.0144 90 000
ISOAL  0.050 0.362 11.396 0.0139 80 000
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Table 4 Comparison of constrained function values

in design of tension/compression springs

Bk g,(x) g,(x) g5(x) g,(x)

SzAPSO -8.02E-04 -3.54E-04 -4.061 -0.760
SAMGA -3.78E-09 -6.59E-09 -4.063 -0.778
GSDE -1.25E-13 -1.24E-14 -4.069 -0.761
SOA -7.63E-06 -5.32E-07 -4.054 -0.731
ISOAL -3.58E-14 -7.16E-13 -4.057 -0.799
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An Improved Seagull Optimization Algorithm with Learning

WANG Peichong'?, YIN Xinjie"*, LI Lirong’

(1. School of Information Engineering, Hebei GEO University, Shijiazhuang 050031, China; 2. Laboratory of Al and Machine
Learning, Hebei GEO University, Shijiazhuang 050031, China; 3. School of Art, Hebei GEO University, Shijiazhuang 050031,
China)

Abstract: To overcome the weakness of slow convergence, prematureness and low accuracy of seagull optimi-
zation algorithm (SOA) in solving high-dimensional problems, an improved SOA with learning (ISAOL) was
proposed. A migration operator based on the difference between the X, and the X, was designed, this could
make X, search wider solution spaces in early stage, and a nonlinear adaptive parameter A was introduced to
ensure the algorithm suitable for the search of solution space of complex problems, which could prevent the al-
gorithm from falling into local optimum too early. In the later stage, some elite individuals executed opposition
based learning( OBL) to intensify the exploration of the space around the global optimal individual to improve
the accuracy of solution. Ten unconstrained test functions in CEC2017 were selected to test the performance of
the ISOA and compared with HPSO-TS, V-DVGA, DADE, CMA-ES and others. Testing results of this exper-
iments showed that the ISOAL had higher accuracy and stability than other algorithms. Finally, experiments
was carried out by using the tension spring problem. The results showed that the total cost of the spring , the
coil diameter and the average diameter of the spring obtained by the ISOAL were reduced by 3. 5% ,5. 7% and
3.5% than SOA, respectively. ISOAL had the attributes of fast convergence, high accuracy and robustness,
fitting to solve higher dimensional function optimization problem and engineering optimization problems with
constraints.

Keywords: seagull optimization algorithm; learning mechanism; nonlinear parameter; opposition-based learning
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An Efficient Approach to Creating Hand-Drawn Dataset for Ul
Manuscript Recognition

YANG Qi', LIU Mugeng®, MA Yun’

(1. School of Electronic and Computer Engineering, Peking University Shenzhen Graduate School, Shenzhen 518055, China;
2. Department of Computer Science, Peking University, Beijing 100871, China; 3. Institute for Artificial Intelligence, Peking
University, Beijing 100871, China)

Abstract: Ul manuscript recognition is one of the important applications of image object detection in the area
of software engineering. Due to the significant difference between Ul manuscript images and natural images
where Ul manuscript images usually need to be drawn manually, it is difficult to build UI manuscript dataset
for deep learning because of the dependency on tremendous manual efforts. To address the issue, in this study
an approach called Ulsketcher was proposed to efficiently generate Ul manuscript dataset based on optimizing
the current workflow. In Ulsketcher, users should just draw some basic elements without labeling, and then
the dataset could be automatically generated for training deep learning model. According to the experiment
with Ulsketcher, only 25% drawing workload of the traditional methods could get the similar training results. If
the workload was 75% , the final accuracy was even better than that of traditional methods.

Keywords; intelligent software developing service; Ul manuscript; recognition; object detection; dataset; da-

ta enhancement



