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Abstract

Currently, machine learning is emerging as a primary tool for Wi-Fi link quality estimation, with the
model’s generalization ability being particularly crucial for accurate estimations. Traditional
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methods often require collecting multiple datasets under varying conditions to train the models,
leading to high costs and often relying on complex model architectures. This paper presents a link
quality estimation approach based on decision trees. In the preprocessing stage, the data undergoes
minimum value filling and exponentially weighted moving average (EWMA) filtering. The model in-
puts are selected as the RSSI value and its mean, and the modeling is performed using data collected
under noisy conditions. This approach performs both link quality classification and regression es-
timation. Experimental results demonstrate that with a relatively small amount of data, this method
achieves excellent generalization performance, yielding a classification accuracy of 96%, a training
time of 0.01 seconds, and an average absolute error of 0.025 for regression estimation.
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1. 5|15

Wi-Fi (28 1, To2RA5TE 564 n] BE I (8] R0 2 (] 17 2 35 284k, ANTATRE 0 Wi-Fi BERE R 5T & [1]. 2 T
& Wi-Fi P2 B Rl SERIARE , 755G 2004k % i & Al 1H(Link Quality Estimation, LQE)ALHi)id Fit Jo 4k 5% i
FAF[2], IFH AT ROEE BRI BCE TS EE A T OB AE L . R R TR R RS 2 AR RN
AT PR A B A 5 55 [ 3]« % B o 2 P A A8 T ] LASRAS 22 5 T ) Mk R el 4, 3 BRIk 2> 73 2
EFMEm M, dEb BT E KM G B BRI B B3R 4 R AR = i Al
PEEE[4].

IUAT (1 B 6 o B A7V ] DRSS = RO R (0 5 1) BT EREA I vk, AR IR (S I 13 2
AEBCREEME LR R[5] [6]. 2) MERMTHEAL, THHE R T kA THEE R T /L [7]. 3) HLas
ST TSRS, 3@ I 5] UA 543 2800 T VA VAR i N R B R S 2 R PR A DG [8]-[10] . T IS
BRIRALE T H AT R AT GE /1, RHEECHMARASHIET, REIRAEMNER. XL
RESRE PASHA, (RTESCPRM P A TR EREM R, JLHRESNSMENEE NG =, B
10 2% At AV R 1T e 5 AR SEBR AT T BRI o R 22 B HRASE FH i T8 o 77 vk 2 — iR AT o o
vk, MRS AT AR B RSB A T A TP AR e SRR AR A, AR R 3 BRI X I
ORI RARNE . X B PR 13 B A 2 DA KON B Ak st A B e 7R IRAE T fESEPR R, 8
T B2 G H A T R (U B AR R BTS2 21 ) R R AN AN R, DASR s B A A T I AN B .
HpLs 2 S TR ALE Y 7 3R Z R L I8 PR 51 23 A AL 27 ST 5507 I BR8], i 2 324 N RHE
SR IREZ NS R R, NMETEREIGIRHE T E 2SR

SCHR[O]AE FH B 8] 7 51043 B Ak T 4 (X TE 28 WRER X 4% (Community Wireless Mesh Network, CWMN) 14 2%
JR o, FRE PR ) VR I R AR A . FE IR L, T R R R U 403 I A R4 R
PE, SCHR[10]32 tH T —Fh &b & S e BEFITE LA 5% ) TR A E LR BRI CWMN AR (155 % T &
SCHR[LL]R i B AR i NRFHE, A AROW [ElHBE AT Bt B HTHE . SERHMES Wi-Fi brifERe Hh
2 b 2R [ 3 MR R T R R R B, SCHR[12] 4 T LA 2 S B A T R R S R T R
IR AR S 2] B R E ik B AR R R A DG SR S T R . SCHR[L31AN SRR [14]
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ARAHHE AR KM, 15 T MRS S IE A A RAE k. BT ERMsh S, SEE%
TR {7 I 2% (1) B 2 ot & (Link Quiality, LQ) TR il — TS A A 5%, STHR[A514E HH 1 — FhFE T IR B2 2T 1
T 1R TIO To 20 15 P 2 (1) LQ, BV FH B P a8 R s VA ot 22 ) 8% (1) AR k. A B C 12368 U A 40 ) 2%
A IH R TT, Ed 2 I AR A LQ I TA) A1 i BN SCALER LQ IS

H AT Wi-Fi 8 5% 5 A T AR DL R R 1) BUEBADN T3 s R iz AL e 1 75 BEAEA R & 1F
TR, ISR AT AR EROK[16]. 2) A T REMTHRERE, KRR 2 AN ERE
FRoRER AR, (FRIA ST 4 B DA S SR DRI AL SR A A FE S I . 3) /D IE G LA 2 ST I ER AR . BUAROG
T 802.11 AADATFH IEEE 802.11 M5 H#i4E, Wl Rutgers [17]. Packet-metadata [18]. University of
Michigan [19]. Evarilos [20]#1 Colorado [21]5F, {H &Rk T Rutgers ##iE, KEHAETEEIAMHE XA —EL
J 515 G SR U SCA AN 5 4 6 ]

BT IR, ASCHEH T — P T USEA BE RS T A T AR TAL BRI B B AT B/ IME
78 AR BUINAURS 3 °F- 151 (Exponential Weighted Moving Average, EWMA)JE AL, %38 EWMA J5 (142
Wi {5 5 5% (Received Signal Strength Indication, RSSI)F1 RSSI [ HE A N4 NAFAE, EWMA 4L FE 5
LU % (Packet Reception Ratio, PRR){E Akt i o I FH — 20 S 260 R SR8 1A B0 40 o) 2 37 e 6 o o
Sy AR AT, RERE AN R S AR I B B T S BT HERR A 1. SIA JTEAEEL, AR I TV A
D BRI ARG RAFRZ AR RE, I H T Eah B . AR . BRI R SRR s

2. R EMITHER
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Figure 1. Comparison of correlation coefficients between
RSSI and PRR under different missing value treatments
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N T THRIT RS, ASCE A PRR 17 EWMA DB, PRR ) EWMA tBFK 7y WMEWMA
(Window Mean with Exponentially Weighted Moving Average) [22], A A T $& s AL S AL i 52, X4
NFHIEWR T EWMA 403 . EWMA SEVEE T 3 8l PEAC S = AR, Refig A A0d uERE LR 75, [R]i
R TESHEERLESE . EWMA KiTH5EA R T R:

EMA =axx +(1-a)xEMA (1)

Hrf EMA AT EMA- BRI Z1 € At — 1 OB 3 P 218, % RonI 18] ¢ FOOLIME . o Fon- T
T BUEYEREDN[0, 1], o $R5E T HEWEAE EWMA THE IR . 5] 2 NPT o BURFEIME RS, 7028k
RTINS — 2 ) PRR (HERAE, 5] 3 9 [m AR R T (K- 2 a0 iR 22, 70 AR R o HX 0.1 I F0M0 )
YR B2 f v, RV e o B 0.1 IR F0M P~ 38 246 08 1R 22 B /0N, P LAF [l ASE AL FR) 0 45 SR % o 9 0.1
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Figure 2. Accuracy under different values of a
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Figure 3. MAE under different values of a
[E 3. o FEIBE T B FEIdITIRE
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Figure 4. Accuracy before and after EWMA processing
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Figure 5. The accuracy of PRR under different windows
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Figure 6. Accuracy with different window sizes for input features
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Figure 7. Accuracy under different characteristics
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Table 1. Combination of input features
=1 MASFERE

45 5E S
1 RSSI,..
2 RSSI's_euma
3 RSSIy o5 cuma
4 RSSI,,.. » RSSls_ewna
5 RSSI,,..» RSSls_ewma» RSSI

ewma 5_SD_ewma

2.3 REH ST IMEVAHE

i P 0 SRR ST Y, T B R AT R4y . BERR R B EE I PRR MBUETEEIEE, &
XUnR:
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0, if(PRR<0.1)
y=f(PRR)=11  otherwise 3
2, if(PRR>0.9)

Hrb 0 R BE N, 1 RoRTh SRR, 2 RoRBUr e, A A 72 8505, IR
4% RSS o M1 RSSI's_ewma BS80S 291 IS 22 1) Bl B R HEA A0 T o 7 DR SRS P 3 o 458 PR AR 6y 2 1
by

H(S):_i P Ing P (4)

Horp S R UM T AR G, pi R Bl S R T2 | N SANAIREA S BRI LB . RIS
o0 0 R Fo S R 7 AL -

S
IG(S,F)=H (S)_Zve{mmﬁ:,ﬁ}%k‘ () ©)

Hrb, HEO)ZFRRE BEAEES S (M, HS)ERELERAL F 26F T, SHRIRREIN T4 S (Hrh
VAT IR Crp AR BCCUET ) BORS . FEACERIIGREEE, @ T AR MR R E B 2, R EE
$E 28 B R RV RS AL D 2 B9 R BRI RFAE s 8 I 3 VA T AR A RE VR P AR SR o D 1 17 L R g e 40
o, 5 P SIRUEPPAS AN FIR L PR (PR RE, P AEIR I 4 IR, BRIESR R IR . AR
REMIRIE W E N 4.

S ST PR [ AR IR, DATSIN 5 0SB 2 TR R 7 i 22 KT 4 MSE A 9 B4R 73 179 10
fabr, FEAR MSE [ 0N:

MSE :%(yi -9 (6)

Hor, n 2R ARPEARSER, yi2sH i MERINESAE, § RSN TNEE R A, 8521 A
T FEA S E R T2 1H) -

3. LIRS
3.1 HiRE

ARGy IR A AR S A H A BRI AT 05 . AR 4RI Rutgers $dE£E[16], 1ZEUR4E
£ ORBIT M 5 237, F4E 4060 AN [F) B4 1 1) BRI A5 4 , ax e 4f & M 75 5 5 >4 0 dBm . —5 dBm.
—10 dBm. —15 dBm F1-20 dBm [ F#0 FUSCEERT, DABLULSEPRIE(E &40 . HRE S RSSI. PS5, 9
RUID B RSP AEAE R

[ ESP32 JF AR LA K ) R 4L 1) ESP-NOW s it 5256 R 45, 58 i (%45 . ESP-NOW
e HIREA IR FMKINFE 2.4 GHz TEi#EE: Wi-Fi @S, MY T ELEE N E LR, %
L7 7t WX 25 AR FE T BR R 25 A0 T 5 B0 R URN A 3R, A B v PR e SRR

I BT TR ARERE A KT, il 8 Fir. N TR [FINE 75 KF- 5 T 245 SAL 4 1)
SO, AN CC2530 ok AR I as 4 31 s AE el 35 TR, FHRM I 9 T E .

SKIGRE 7 CC2530 [ =FRE RS IHZR, BT AT THRIEHIThEMAIE, 4> BB T -51 dBm,
—61dBm FI—-71dBm KT H03REE, LUME 4 TPt ESP32-S3 140 [a)3 {35 55 i i B (0 52 . > ESP32S3
B 73 5l T WSO B, 169 W-Fi 18 12 {518, TP AURIEEE R Wi-Fi 41y # 5 1) IEEE802.15.4
[ 23 {518, ESP32 RI&TT A LA #&77 Uk 1% 3000 MR AL, B2 sk B J5 £ A7 515 A RSSI.

DOI: 10.12677/mos.2025.144303 492 5 1 A


https://doi.org/10.12677/mos.2025.144303

i
g
=1
4

Figure 8. Corridor of office area and lobby of office area

8. MAXEEBmFMMDLAXIFE KT

IpY ™ i i\ ™
E— IARBKST
K
T T 2530k 3%
) 3 i it (@)
(ﬁ)Esmzﬁi% A [52530%4&

ESP32:

A ~

Figure 9. Interference source layout diagram

9. FHIEHEE

3.2. {REMEEEMIA

Gt AR FULTLS , RSSTs_euma Al PRR g Z A9 I 10 iR, RSl FI PRy, 1y 156 5 U 2
HAhe A THAR AT ORI — R B, PG b — R TR A PR SUR ESr , 77 b
JE R T AR SRR OB A L3 , AT T L O T EL 2 4R 46 P BB I I

1.0

Prr_ewma
N
& [o)] [oe]

o
N

-85 -80 =75 -70 —-65
RSSI5_ewma/dBm
Figure 10. The relationship between RSSI and PRR under dif-
ferent interferences
10. FEF#HT RSSI #1 PRR By X F

DOI: 10.12677/mo0s.2025.144303 493 5 1 A


https://doi.org/10.12677/mos.2025.144303

i
I Hf
IS
48

N T B B B @ IR, ] DASRAS R 2 A PERE . SR Rutgers s 48 11 75 0y 0 dBm
(B SR ST RS 7 SR, A AR T PR T Ao B AT, 45 2R 0 2 o, #£ 0dbm
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Table 2. Testing the performance of the model on different datasets

2. FRIHEEMNARE ML

INESA % S HERIIEE (%) FE I (%) 1715 (%) F1 (%)
0 dbm 94 92 89 %0
-5 dbm 95 93 90 91
~10 dbm 97 94 89 91
~15 dbm 98 94 87 90
~20 dbm 99 95 87 90

FAIFIRER 7 BT SR Il A PERENBE, 45 R l&] 11 Firus, 7ET-20 dom HE SR ms P-4 xt ik 72
MAE 5/, 7EFILA AR SR MAE B

0.030
0.025
0.020
£0.015
0.010

0. 005

0.015

0.022

0. 000

Figure 11. Mean absolute error of the tested model with different datasets
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Figure 12. Comparison of models across different datasets
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Beim, EMISATRRRNI (R E AR, G 7 KRB AR SO 5. 8] Rutgers icdis S0 45
5 ERSHIR A RARL, BN B, (SRS 7 AT Wi-Fi OBERS T S A TR -

Table 3. Parameters of different models

3. TRISERANSY

SRR A ZH
LIS RKIREL N 4

bk AR KIS ECA 1000
SCRFFEL LAz 8, IENE 240 1.0

Z JZ AL LANEE)R, FEMETAEON 10, G IELIE R IT/E s A, oK% A3 1000

Table 4. Comparison of model performance across different classification algorithms

4. PRI EBEERRBMERELLER

iR HERZ (%) R (%) H [F1 % (%) F1(%) O]
R 532 96 95 76 84 0.01

ez i mYE 97 94 92 93 0.14
IRFIAEAL 97 93 93 93 0.15
% AL 94 87 85 86 1.65

SKPRARGE T, BERRUEAG THAUR S R ADESUER IR, Bk, ASCHE— P RIT T RS ] AR ) 73
MyERE, JF5% MK EABERBEAT 1 HE, AR S8 5 s,
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Table 5. Parameters of different regression
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Figure 13. Comparison of model performance across different regression
algorithms
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