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Study on logo visual complexity assessment
based on perceptional relationship model
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Abstract: Visual complexity analysis is one of the key attributes applied in visual computation. The majority of current methods
focus on the assessment which is identical to the statistical data through the quantization of special standards. In this way, the
statistical results cannot explain the logical rules which are closer to the real user model. The unstable users’ label data will cause the
difficulties of model convergence and sub —optimal phenomenon. To solve the problems mentioned above, combined with the
relationship between user perception evaluation features and visual features, a visual logo complexity analysis model based on user
perception partial order relationship is proposed. In view of the difficulty of obtaining and representing perceptual data, this paper
proposes a partial order relationship based on two comparisons to represent user perceptual characteristics. Credibility preprocessing is
used to reduce the impact of user evaluation data conflicts on model prediction. By extracting specific visualization features, this
paper proposes an improved SVM model to train the perception data based on partial order pairs to obtain the icon visual complexity
perception model. By comparing the Pearson, Kendall and Spearman coefficients, the prediction model in this paper is highly similar
to the manual evaluation results (>90%) in the Chinese University Icon Database. Comparative experiments with the latest
algorithms confirm the effectiveness and advancement of the proposed results.
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Fig. 1 Logos with different similarities

B2 AXEEIER

Fig. 2 Research framework
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Fig. 3 User interface for data collection
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Fig. 4 Chinese university logo dataset
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Tab. 1 Database user data analysis

i Hedls
total_test_pairs 6 300
effective_pairs 865

conflict_pairs 812

non—conflict_pairs 53
conflict_ratio 0.939 5
test_cover_ratio 0.994 6
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Fig. 5 Subjective data distribution

20 25 30



CORVE ] BhZ 2, A5 BT IROAi Fr A5E 2Y f) PRBR AL o8 52 2 FE IS 213

3.3 BEfREHREXTLXE

AT LR 2 A SEE 1 5, Je P R R
GrAE EITNAE R 5 N T FT 7045 2R B 8 MRS LS5
HAR 2 5 HoAh 28 i 53 2% BE DAk 10 % L SEE86: 451 4
LogoComplexity **) SVMrank'"! I Deeprank' "'

A R BIE,  FbR 5 A B G g e i
SRR R AT o3 A B DI 2R A il il Fiy
HEP SO0, 1B 6 Bz, I iy F P B R AR A
eI R AE b AT 56, fE I AR b EAT HE B
ZoE R LR B AEVIREE b X TR AR 5 440k U0
BB S5 AT 2 PE 20 4R 15 T AR S5 e, i 6
(a) ; IRJEJE 5 A RBAITRMFNFH P F 5 AR HEF
AT AN ) (R AR AR AR TR Y 5 AN ETAR [, AR
T T 5 44 S AR 0 IRTAR AT BLAT R Al £ 2%
T ZRMIE S5 I 5 24 2 2% Y BRI 580 L 5 1
B RS BT DS BRI 4518 BR T 2 M
SMCILEL6) o HiT S 44 B PFArE 4 S FE R B S
Feol i HREHERISE 15 44, Zad e A I dn 32 W dis
KIZE bR BB T 15 Wbz g , H T fF
JERBON S RIS RS o 5 5 AR T
84 MRRPIIE L, S — A TR EEIE AL
P 4 A FH P WS A B AT ) LS S e
F EWURAE , AT B R B S i it — D e 1
R T 0 8

R

RN

BRI

AR

(b) MikAESS 5 44

6 WXEERDH

Fig. 6 Logo rank analysis on test set
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Tab. 2 Quantitative comparison of icon complexity

acc

Sk '
train test

LogoComplexity 0.726 0.673
SVMRank 0.802 0.783
Deeprank 0.852 0.804
Ours 0.871 0.818
SVMRank+Pre 0.836 0.815
Ours+Pre 0.953 0.937
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Tab. 3 Comparison experiment subjective perceptual model correlation
Pearson Kendall Spearman
N7
train test train test train test
LogoComplexity 0.506 1 0.307 3 0.398 0 0.287 0 0.520 0 0.4390
SVMRank 0.732°5 0.601 7 0.452 7 0.423 9 0.573 0 0.501 2
Deeprank 0.853 6 0.832 7 0.721 0 0.656 8 0.829 0 0.797 3
Ours 0.912 1 0.835 6 0.742 5 0.636 8 0.883 9 0.806 5
SVMRank+pre 0.755 6 0.653 1 0.483 2 0.451 7 0.636 2 0.582 1
Ours+pre 0.955 1 0.905 5 0.839 8 0.806 5 0.941 9 0.891 6
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