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Abstract: This paper embarks on an extensive exploration of the challenges inherent in traditional three-way decision-making meth-
odologies. First, these conventional approaches necessitate precise subjective threshold definitions, rendering them less adaptable
across diverse scenarios. Second, their interpretability in information fusion is often lacking, resulting in ambiguous decision criteria.
To address these issues, this paper introduces a novel approach that leverages complex fuzzy sets to establish an adjustable multi-
granularity complex fuzzy information system. It integrates decision-based three-way decision techniques to derive classification
thresholds objectively, yielding an adjustable multi-granularity complex fuzzy probabilistic rough set. Furthermore, the paper ac-
knowledges the constraints of bounded rationality that decision-makers encounter in real-world scenarios. Within the framework of
behavioral decision theory, this work provides a more comprehensive depiction of how psychological factors influence decision out-
comes. In essence, this paper proposes a multi-granularity three-way decision model grounded in complex fuzzy sets and regret theo-

ry, designed to tackle complex multi-attribute group decision-making problems. To validate the model's effectiveness in addressing
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decision challenges related to decision risk and bounded rationality within a complex fuzzy environment, the paper conducts an in-

depth experimental analysis using a shared bicycle rental dataset. The results underscore the model's feasibility and efficacy, particu-

larly in enhancing fault tolerance and leveraging expert experience.
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for R,ER(i=1,2,+-,1)do
T ST R o, (2, ) P A — Tk B R B ()
R RO P=(p;)
end
end
for R,ER(i=1,2,+,/)do
fora;,€U(j=1,2,--,m)do
T SRR A AR A R
AT « S I (1
end

end
forIjEU(j: 1,2,---,m)d0
INE:if Sc(05( ;) )= Sc(a,) then
x,€POS
end
if S('(ﬁf””(.z‘j) )<Sc<aj) and
Sz'(ﬁﬁ""(x/) )25(‘(/?/) then
;€ BND
end
else
2,€NEG
end
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end

end
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Fig. 1 The flow chart of the proposed model algorithm
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Table 5 The phase value conversion relationship
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Table 6 The weights of environmental attributes at three

observation points
u, U, Us Uy
R, 0.258 502 0.263 243 0.238 980 0.239 274
R, 0.260 219 0.261 224 0.230 361 0.248 196
R, 0.254 181 0.270 156 0.216 141 0.259 522
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M
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Fig. 2 The weights of the three observation points
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Table 7 The final classification threshold
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Table 8 The classification results of our model
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Fig. 3 Sorting results via the paper model
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e P()SW(X) BNDW(X) NEGVVQ(X)
6=0 ) REWIES %)
0=0.1 %) 21,3,6,7,9,11,12 T2,4,5,8,10
0=0.5 %) %) IEEWES




SRENEST « ST M BRI A AT I 200 B S ORISR e ) — SRR3R 501

4.3 XS
4.3.1 B2z gah B S B R Oy ik AT
AT, AT R A SR R TTIE S R
BOR B0 55 T B0 B SR 1 7 ¥R L b R R AR AR
et E T PR % HE ¥ 15 ( Technique for Order
Preference by Similarity to an Ideal Solution ,
TOPSIS ) " | Z i ) 2 By % HE )3 2 (Multi-cri-
teria  Optimization and Compromise Solution ,
VIKOR) . 22 B 50 Z br 1 2k % % (Interactive
and Multi-Criteria Decision-Making , TODIM ) LA
Ko Je Mg B O ik AT TR e A b . i
K5l AN R A8 J7 254 2 Ry HE e 45 R RS AT
AR, BRENRAE Tk, BEARENE T %

16 e - mramEy o nmsmsT|

1.4
1.2
1.0
0.8
06} .
0.4
0.2

ME

Bt 1El/d
(a) EEREFHENIILER

[Fo= #xmx  —e— Topsismi|
1.0
0.8
b=
,E',E 0.6
0.4
0.2 BAEK
§
2 4 6 8 10 12
A 1El/d

(c) 5TOPSISH ExTHL &8

[Fo— #x#%  —e— ToDMp|

1.0
0.8

®os

* 04
1N L

2 4 8 10 12

SRy

6
i E)/d
(e) STODIMZEXT L 45 R

AR UL BN M R, LA B R
AR R AR R, R X &
s i Ab B BE I RS L A5 5 2 B DR OR 4R
PREE TR RERMT . TNT.NT,=
o) Z O, UL E R EHEHRERZHH
W1k 2,3 TOPSIS 3538 o 1H R & 38 R 5 1E R
HLAE g 2 0] A9 BE B, A5 5 I B AR AR UG O AR
VI i 5 00 B AR 0 O R R R IR Y A% ik
ZAE AL % VIKOR )5 % 78 TOPSIS )5 i
oA T P KU S, P SR E AT DLAR BE
H B 28 50 % g sk 45 R AR s, i A 30 A
FJaib ek 45 1A T8 £ 09 nl g8 ¥ ; TODIM
J7 V5 RN 5 M B R 5 vk AR A O T R B A PR B

[Fo~ axrr —o=11 o122 —e T3]
2.0
i 1.5
&
%10
0.5
BABK
2 4 6 8 10 12
i 18]/d
(b) SIREAEIRER EXTLL AR
|+ EXHE —O—VIKORﬁfiil
1.0
0.8
1o
& 0.6
%04
0.2
00 BAEK
2 4 6 8 10 12
Bif 18)/d
(d) 5EVIKORF EXTLL 45 R
1.2
[ =xmiz  —o mmmi|
1.0
1o
& 0.8
06 .\'/.\'\/—o\'/.\'/—o
0.4 RABEK
{
2 4 6 8 10 12
B 18)/d

(H 5REERFE LR

B 5 ARSIk S M S 2 JE PR SR Tk B0 L Hr

Fig. 5 Comparative analysis between the method proposed in this paper and the classical complex fuzzy multi-attri-

bute group decision-making method
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making method
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