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Abstract: Objectives: With the continuous expansion of urban complexes, subterranean infrastructures,
and multilevel transportation hubs, building interiors have become increasingly three—dimensional and intri-
cate. As a consequence, traditional GPS signals are severely attenuated by floor slabs, rendering them inade-
quate for reliable indoor positioning. In this context, indoor points of interest (POI) have emerged as pivotal
spatial anchors for seamless navigation and location—based services, and the rigorous selection of salient in-
door POI has consequently become a prominent research focus. Methods: To address the challenge of quan-
tifying indoor POI saliency, we propose a data—balance—aware enhanced random forest (RF) framework.
The existing approaches suffer from evident shortcomings in class imbalance and in capturing the highly non-
linear dependencies between saliency and multi-dimensional predictors. Therefore, a comprehensive indica-
tor set comprising 34 fine—grained features is systematically constructed from three complementary perspec-
tives, including visual saliency, semantic saliency, and spatial saliency. The synthetic minority over—sam-
pling technique (SMOTE) was employed to mitigate class imbalance, and a feature selection scheme driven

by importance weighting was subsequently implemented. The final RF model, trained on the rebalanced
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and optimized feature space, delivers high accuracy and strong generalization for indoor POI saliency evalua-
tion. Results: Empirical research results show that the proposed model demonstrates outstanding perfor-
mance on the indoor POI dataset. The accuracy, precision, recall, weighted F1 score, and area under the
curve have reached 0.987, 0.984, 0.987, 0.987, and 0.999, respectively. Compared with the RF model
without data balancing, the performance of the proposed model has been doubled. Compared with other tra-
ditional models, such as support vector machine and genetic programming, the performance of the pro-
posed model has been increased by 15% and 5%, respectively. Moreover, the proposed model exhibits
good generalization performance on the test set. Conclusions: We introduce a data-balance-aware RF model,
offering a unified framework for indicator selection, imbalanced-sample treatment, and robust model con-

struction in indoor POI saliency assessment, thereby conferring both theoretical and practical impetus to

high—precision indoor positioning and intelligent navigation services.
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Fig. 1 Indoor POI Images
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Table 1 Visual Salience Indicators

WLBE AL /78 1 AL % B v
R (H) /X, P f4 4k 3 [0,180]
A (S)/X, P 4 4k 3 [0,255]
WEE(V)/X, P #4243 [0,255]
ST EE /X, S Ml A (0,c0)
T iR/ X S HiL A A (0,20)
TR /X S HlL A A (0,1]
R IARAE /X, I b A A 1,2,3

D) @A (H) AR (S) (BB (V) . T
HSV Zi ok R 5, H R REAm RS, 586
K FRA G (AT g ) BUE I B[O,
1801 5'S &7 Bl 0 1) ik i o 20 B, HU(E i L R [0,
255, 00K K 0, 255 AR 2l (5 5 V I 3 7R B 4 1Y
W B R L BUE VS M [0, 255,010 KB, 255
RERZB A A OpenCV FEH ) evt-
Color BRECHE I B R e 45 o HSV 318,75 8] 5F- i
HH .SV SlE A E AR . &R
VR B R < N Bl AR R AR B sk N7 T I E
B ES POT M BEE 48 BE 2R 10 m Wy 07 &, A 48 A
BE Ry 457, %F POT #EAT EMG R 2, 181 1y 52 1l i A
KA POTEG R .

55 A R 0 I R A &6 AR (light emit-
ting diode, LED ) B W AT JLalg 1] w7 428 5 i B AH DG
1RG4 o SR 8 T dik 28 VB 8 W R A 55 2
Fen BRI 23 < 0 B A LED KT H R 4R 009 A N
3, A LEDAT8E Rz — W MRAE 2, =&
¥ TR AE Sy 1o
1.2 BEXREE

IR ETE R (AR RS S A R RP Y



%515 14

2R 2 S - ) T BT 0 T A Y B TL AR P 125 ) 2 DAY R . 5 AT A A 2 161

POI

B2 %M POIEAMSH
Fig. 2 Parameters of Main Entrance for Indoor POI
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Table 2 Semantic Salience Indicators
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Fig. 3 Schematic Diagram of Key Decision Points

in Indoor Spaces
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