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Improved Unet++-based approach for multi-state appliance load disaggregation
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Abstract: Nowadays, non-intrusive load disaggregation techniques face two major challenges. First, it is difficult to
effectively extract the power characteristics of multi-state appliances in low-power states. Second, the generalization
capability of disaggregation models is insufficient. To address these two challenges, an improved Unet++-based
approach for multi-state appliance load disaggregation is proposed. First, within the encoder-decoder framework, a
parallel-structured encoder is adopted to enhance the parsing capability of complex power signals, while skip
connections ensure that the decoder can accurately reconstruct the original signal, thus improving the refinement of the
disaggregation. Second, a bidirectional long short-term memory (BiLSTM) module is introduced to capture long-term
dependencies in time series, enhancing the learning and prediction capability of the model. Experimental results show
that the proposed model accurately identifies and disaggregates multi-state appliances on both the UK domestic
appliance-level electricity dataset (UK-DALE) and the reference energy disaggregation dataset (REDD). In terms of
mean absolute error, the proposed model demonstrates superior performance, and results obtained from tests on
publicly available datasets indicate that its performance is better than that of existing methods.
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Table 1 Electrical appliance parameter settings
under UK-DALE
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Table 3 Comparison of MAE results of different models on UK-DALE and REDD
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Figure 4 Comparison of accuracy results of different models on UK-DALE
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Figure 5 Comparison of precision results of different models on UK-DALE
T 96.0f 1l T = §
90.0 3 d _ m |
b | < o —. 80.0’/ B : < o
_ 800 %1 ssolf] 0 Kelt . NIIE K o [«
i . Sr " 1l K al° ﬁso.of/ NE el
= 70.0 i = ] qle| = A ] iy
= 80.0 1 et = NITE Kbt
iy [ R u q [ T 00 o 9|
60.0 N < A Kelt NITH K o [o
o 72.0¢ = 9| - o S
50.0 |:| b || d H i K o [ 2000 | NI H < o | o
JHL B B A 1A AL / \ ] Eﬂ ( AP
<§~ %’1?4?8’6@ \P 0&‘ & ;{3%/7 @‘1(5 %ng?&g&\q‘:é\j&og&%oQ}? ;@i% Q&é 59 4?* 0&\ ‘\)‘Z‘f Oe‘ foi%
o Q,v o K TP ¥ 0‘2@%&‘&
(a) BEwEAL (b) PEAHL (c) oK ar
—— —— 88.0 —— — —— — — —
/ Y ] P / b
45.0 80.01 _ | © 72.0(] ] 9
< | = N 4 =« I ] o [«
% 300l 3 7200 | N 1 s 6401 u b
= 00 = » | = p o q |-
: R:640/ N o oo ] o [«
15.0’/ . N '° 48 0,/ ] o 'o,
d 56.07/ N ﬁ [ ald . m (
- — i
0 JNE m < J AP, 40.0 i ‘ 1 b.l b,
Q}@? & 4?3)\30 \,i\@*‘ % )s/\ Q’be '184?&00 \, Qﬂ‘ Q%j{\ Q’Qfé %'18 R\ Q\,ii ﬁ\i %j@i%
Q Y’\B Q ?v ?. 2
(d)m«B’JF (e)ﬂk (f)?tjfﬁ
B 6 RREHAAEUK-DALE# 2w F 4 %3tk
Figure 6 Comparison of recall results of different models on UK-DALE
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Figure 7 Comparison of F,-score results of different models on UK-DALE
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Figure 8 Comparison of accuracy results of different models on REDD
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Figure 9 Comparison of precision results of different models on REDD
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Figure 10 Comparison of recall results of different models on REDD






