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Group scanpath generation based on fixation regions of interest clustering and
transferring
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(Key Laboratory of Intelligent Computing and Information Processing , Ministry of Education (Xiangtan University) ,
Xiangtan Hunan 411105, China)

Abstract: For redundancy chaos, and the lack of representation of group observers’ scanpath data in natural scenes, by
mining the potential characteristics of individual scanpaths, a method for group scanpath generation based on fixation
Regions of Interest (ROI) spatial temporal clustering and transferring was proposed. Firstly, multiple observers’ scanpaths
under the same stimulus sample were analyzed, and multiple fixation regions of interest were generated by utilizing affinity
propagation clustering algorithm to cluster the fixation points. Then, the statistics and analysis of the information related to
fixation intensity such as the number of observers, fixation frequency and lasting time were carried out and the regions of
interest were filtered. Afterwards, the subregions of interest with different types were extracted via defining fixation behaviors
in the regions of interest. Finally, the transformation mode of regions and subregions of interest was proposed on the basis of
fixation priority, so as to generate the group scanpath in natural scenes. The group scanpath generation experiments were
conducted on two public datasets MIT1003 and OSIE. The results show that compared with the state-of-the-art methods,
such as eMine, Scanpath Trend Analysis (STA) , Sequential Pattern Mining Algorithm (SPAM) , Candidate-constrained
Dynamic time warping Barycenter Averaging method (CDBA) and Heuristic, the proposed method has the group scanpath
generated of higher entirety similarity indexes with ScanMatch (w/o duration) reached 0. 426 and 0. 467 respectively, and
ScanMatch (w/ duration) reached 0. 404 and 0. 439 respectively. It can be seen that the scanpath generated by the proposed
method has high overall similarity to the real scanpath, and has a certain function of representation.
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Fig. 1 Framework of group scanpath generation model
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Tab. 2 Evaluation of group scanpath algorithms by MultiMatch T and ScanMatch T

B MultiMatch ScanMatch

B X Bk Shape Direction Length Position Duration w/o duration w/ duration
. UBHR) (J51]) (KB (%) (F 1)) R EmE) G5 IEmE)

eMine!®! 0. 083 0.058 0. 088 0. 080 0. 060 0. 149 0.224

STAM 0.524 0.399 0. 542 0.503 0.398 0.251 0.275

SPAM2] 0.734 0.539 0.754 0.711 0. 555 0.254 0.324

MIT1003 CDBA'™ 0. 843 0.701 0. 849 0. 820 0.617 0.352 0.416

Heuristic' '’ 0. 843 0.702 0. 850 0. 821 0. 620 0.349 0.415

SCA 0.871 0.722 0. 882 0. 853 0. 646 0. 360 0.314

DFS 0. 881 0. 759 0. 886 0. 864 0. 644 0. 426 0. 404

eMine!®’ 0. 181 0.123 0. 191 0. 176 0. 130 0. 120 0.219

STAM! 0. 567 0. 402 0. 604 0. 550 0. 409 0.199 0.311

SPAM20] 0.734 0.539 0.754 0.711 0. 555 0.254 0.324

OSIE CDBA!™ 0. 882 0.749 0. 905 0. 875 0.614 0.351 0. 476

Heuristic' '’ 0. 882 0. 749 0. 905 0. 874 0.614 0. 344 0. 474

SCA 0. 858 0.676 0. 891 0. 839 0. 696 0.319 0.261

DFS 0. 870 0.720 0. 897 0. 857 0. 697 0. 467 0. 439

5, % SCA N DFS J5 vk v AR 3R, 38 o v A0 51 1 HE
FPEEADSHR X S ) SCA BEAS A i — 455 B AL A8 HAT — e A
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ANTFERAT o, 2B R0 A A 43 200 B A 2 B G 5 B S R
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HR B SCA DFS I % 5 W 05 7 eMine™' (STA™
SPAMP XJ LAl LA R B, TR B3 5t A o i A F T B 88 3%
SN ZAE L, TR AR AR ST T

i Ja %% SCA.DFS ik 5 [ R % 5 7 1% CDBA™ |
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