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Abstract: This paper presents a novel Bayesian filter-based method for change point detection
(CPD) in time series, targeting robotic systems operating in noisy and dynamic environments. Unlike
traditional CPD methods such as PELT, Binary Segmentation, Bottom-Up, and Window-based
approaches that often miss subtle or gradual transitions, the proposed method probabilistically
models steady and transient states and evaluates their relative dominance using a log-posterior ratio.
The method enhances signal changes by applying gradient computation, anomaly scoring based on
median absolute deviation (MAD), and adaptive thresholding. Final detections are refined through
clustering to suppress false positives. Extensive experiments on both synthetic (Blocks, Bumps) and
real-world datasets (NAB EC2, ECG5000) confirm the method’s superior F1-score and robustness
compared to baseline methods. Moreover, its lightweight and real-time-capable design enables

effective deployment in embedded robotic systems.
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[Fig. 1] Overall pipeline comprising Bayesian filtering with
transient and steady-state filters, estimation of their probabilistic
difference, and post-processing to produce the final CPD
detection output
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[Fig. 2] Detection of change points based on the moment a
significant difference emerges between transient and steady-
state filter responses
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[Fig. 3] Values computed at each stage of the method and the
corresponding final output
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[Table 1] Comparison of CPD performance across different
datasets and detection methods

Dataset Method Precision Recall F1
Bayes (ours)|  0.500 1.000 0.667

PELT 0.300 1.000 0.462

(aili‘glccl;;) BottomUp | 0.300 1.000 0.462
Binseg 1.000 1.000 1.000

Window 0.300 1.000 0.462

Bayes (ours)|  0.867 0.619 0.722

PELT 1.000 0.476 0.645

(ft?g’cﬁ’;) BottomUp | 1.000 0.476 0.645
Binseg 1.000 0.524 0.688

Window 0.700 0.333 0.452

Bayes (ours)|  0.515 0.531 0.523

PELT 0.500 0.313 0.385

(221]2252) BottomUp 0.500 0.313 0.385
Binseg 0.000 0.000 0.000

Window 0.650 0.406 0.500

Bayes (ours)|  0.368 0.055 0.095

PELT 0.920 0.060 0.113

(fe(;G jggg) BottomUp 0.760 0.050 0.093
Binseg 0.667 0.078 0.140

Window 0.520 0.034 0.064

Bayes (ours)|  0.563 0.551 0.502

PELT 0.680 0.462 0.401

Average | BottomUp 0.640 0.460 0.396
Binseg 0.667 0.401 0.457

Window 0.543 0.443 0.369

3.2.1 Blocks 2 Bumps(213- X4 ¥)

Blocks Hl|o]E]+&= A A o](step-like change)”} H&s] &
Aohz o FRE 7L U} thREEL] 7] o] =2 Recall
< 71Z2FAT, At 7S Precision 0.500, Recall 1.000,
Fl-score 0.667% HA &3 L& 7t HS 7P o=
SHH 519 Binseg= BE $3HE €S| 9H5=0] Fl-score
1.000< 7153 0, ol= W2k 71 a1 = o] Qlof 24 0]
S T RO FEoHA Aok A= sfAH

Bumpsi= %2 57|12 HIPF 42 0 2 WAsl= S
7, A o2 o] A7} of & &Fgolrt. At 71
L Fl-score 0.722&2 7} &8 H52 7|25190H, o=
transient ATE} S W2 7] Z2Fol= Wo]A|QF WH 129 7HH
< 2 HojEr. ¥, PELTS} Bottom-Up H3}H 9] 7i4=7}
WoPA4E Precisions 7| f-4 =4 Recallo] F45] 746t
of 2] F2ho] W5

3.2.2 UCR EC2 € ECG5000(Z 4 7|8t XA )

UCR EC2%= AWS AH| HUE ] 277 7]5te] AA| A A F
tlolEl 2, ol A7} 2ol 9lof 3|4 == Aol At Al
QF 71¥-2- Precision 0.515, Recall 0.531, F1-score 0.523 2, 7]&
wroll vls QHg A Q1 §A] 452 R Aottt £3], Binseg=
3l djo] ol 4] 2 5] Aufi(078)5t oW, of= Ald3g o] of
d 37 o] ¥sto] wiztelA] Zgt xolA] 7118

ECG50002 0|28 AH: glole &2, 23] 4%t oA

EIRIT = A EEofA R Recallo] 5 CE
=), o] = L7} w|u]okA U o] 7 o] B2 o]
f 27 A5 o] 7] flE 2 Helch Iof = A|Qt 7]
2 Recall 0.0555 7|55 91| Qli= ol #7h& A7 22}

e

]_

ILopE ox i N
Y o

[¢]

3.3 gt A5 24

[Fig. 4= 2 oAl F3tote] Alet B 2
ERATh Ao 7ML Precision 0.563, Recall 0.551, Fl-score
0.502% Precision®} Recall 7+ 7 0] 7 201 A= e
t}. §HH, 7]& 7S Precisions =4 F-A1 =21 2, Recall
o] wo} AA|| o) 'A| F=&o] RIFFt & £°], PELT=
7 Precision 0.6800]| = E-L5}1 Recall-2 0.4620] E3}5}o]
) ZE o] ot T4 TR] A 7Fo] FoHA et

o= A}t 7o) & 7|5tC % transient®} steady HE}E A
AZE H|alstod, mAgE Zo] wstof dfs Atid o2 TigtelA
Hk8-5}7] wjEo]m, Z-A|of adaptive thresholding@} 35} 33
& B0l QEA| 7Fs/dE B 0 2 AA6IlS onght

Method-wise Mean Scores

0.8

[ Precision [ Recall Il Fl

0.7
0.6 -

054 = -

Score

044 = -

0.3 & -

[Fig. 4] Summary of average precision, recall, and F1-score
evaluated over the full dataset (sorted by F1-score in descending
order)
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[Fig. 5] Visualization of ground truth change points (red) and
detected change points by each method (green) on the time
series - UCR EC2 dataset

o] <k Wl S L83 AAE Wshy &4 71 393

o AEFS A,

[Fig. 6] ECG5000 Ho]E{AlS Ao 2 o},
% 7]5 o4 A8 AR WS o] 6] Sl4sti UW]O
Hol2 e Ho] S4oltt. el 7|2 ¥ 2Tl
2 2 Hlo[EAlof| A 2|3t FAIE A Y] $35HA] oAU,
AHFA 9] Q BFR|UES AY A= 73RS H itt. Bayesian filter
T3 R E AR WolES 2AER| = Eg oL, A E HslH
A 2 HAE $P6I, B ] HAE AARe
A B0 Lot gA| FEE Btk ol 2O 7 e
Hlg o] A7t Wizl 7]uko 2 g WizkE 720l MAD 7|3t
of ol g8} 714lo] Ak ool L} Hol7} sk
Zroll A aabA 0 2 A-g5)7] WiE 0 2 sA| e} 12y ECG
50003} 0] 0|4} 727} 84313 B ol Al o]
A, BA UREE Beshr] SRt S 719 7 B
o5 o)A AA D (multiscale analysis) £¢] 50| & 25}

o]t A|ZHa] 4.2 Ak A H(Fl-score S)FHO 2= &
U 9 B o) A A 2 Ele) Qg2 B4
= H -85k, A’ 7ol 22 ¥s} FR|of|A] 7]E WY
E tfjn] 92351 458 B oItk A8 Siuksich A A ot

o 2H 7|& 7| M52 57 FH 9] W3l e ol ZHeshA vt
SoHAU, YA E 0] ]9 Mol - o] thisf H1%5HA B

]1— /l]

ecg5000_full: PELT

% 97

C

'L%—Z— \
_4_

420 460 480 500
Time
ecg5000_full: Bayesfilter

©

c
Ry
[}

4‘I50 48I0 5(I)0
Time
ecg5000_full: Binseg

0.01 \}
©
)
-kﬁ —2 5 |
_5-0 T T T
480 500 520
Time

[Fig. 6] Visualization of ground truth change points (red) and
detected change points by each method (green) on the time
series — UCR ECG5000 dataset
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