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ABSTRACT
Non-intrusive load monitoring (NILM) offers appliance-level electricity usage details via analysing aggregate power readings. Although graph signal processing (GSP) concepts have been applied
to load disaggregation from low-rate power measurements in an
unsupervised manner, the robustness of GSP-based NILM solutions
can be enhanced by improving feature selection. In this paper, a
method is proposed for extracting state transition sequence (STS)
features from power readings, instead of power changes and steadystate power sequences featured in the existing works. By building
a graph for the extracted STSs, clustering can be performed, where
dynamic time warping is used to calculate correlation between STSs.
Finally, the grouped STSs is matched for performing load disaggregation. Experiments are carried out on publicly-accessible AMPds
and REFIT datasets, showing the proposed method generally outperforms two state-of-the-art benchmarks in various evaluation
metrics.
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INTRODUCTION

Non-intrusive load monitoring (NILM) is a technique to disaggregate power consumed by each appliance and identify their operational states by analysing the aggregate power readings via pure
software tools. The NILM concept was raised by G. W. Hart in 1980s
[1], as a low-cost and user-friendly alternative to load monitoring
sensors. By offering fine-grained electricity consuming feedback,
including the categories, operational power ranges and usage habits
of major appliances, NILM enriches smart metering benefits and
supports demand-side management. According to the sampling
rates of power readings to be disaggregated, NILM tasks can be
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labelled as high-rate (above 1Hz, usually in kHz and MHz) and
low-rate (from 1/60 Hz to 1Hz)[2]. Although more knowledge can
be acquired from high-rate measurements, the data collection is
unavailable by commercial meters deployed worldwide for billing
purposes. Therefore, feasible solutions to the NILM problem on
low-rate measurements capture more attention recently. Low-rate
NILM approaches can be supervised or unsupervised, depending
on whether sub-metering data is required for training.
Current low-rate NILM solutions are based on hidden Markov
model (HMM) and its variants [3], random forest (RF) [4], deep
learning [5] and graph signal processing (GSP) [6, 7], etc. In general, HMM-based NILM approaches are competitive in identifying
periodic loads [3]. However, over-estimation may occur when disaggregating those with weak periodicities. In [4], both the Fourier
series transformed from the aggregate and weather information
are featured in a RF classifier. However, additional sensors increase
costs. In [5], various neural networks are applied to NILM, based
on convolutional neural network (CNN), long short-term memory
(LSTM) and stacked denoising autoencoder (DAE), respectively
Benefiting from the wide range of trainable parameters, CNN and
DAE outperform LSTM. However, their performances are sensitive
to the usage frequency of each appliance. Recently, Zhang et al.
proposed a sequence-to-point (seq2point) CNN framework in [8],
generally outperforming sequence-to-sequence networks in load
disaggregation task. To avoid sub-metering for the target houses,
transfer learning across houses and datasets is studied in [9]. However, its performance relies on the similarity between the appliance
usage patterns learnt from source dataset during training and those
of the data collected from target houses. Moreover, sub-metering
for the target houses is also required to fine-tune the networks.
Not like such model-based algorithms, GSP is an emerging signal
processing tool, representing the stochastic properties of signals
via graphs. In [10], a supervised GSP-based NILM method is proposed, where the graph total variation is minimized, referring to
generally piece-wise smooth of the underlying graph signal. For
performance refinement, simulated annealing is applied as postprocessing to minimize the difference between the aggregate and
the sum of disaggregated power in [11]. Note that sudden changes
on active power signals are detected and featured in both [10] and
[11]. To perform GSP-based NILM in an unsupervised manner, GSP
concepts are utilized multiple times in adaptive threshold selection,
signal clustering, and pattern matching in [6]. As in [10] and [11],
the method proposed in [6] features power changes, limiting its
robustness. Firstly, it is proposed only for disaggregating the loads
with magnitude-wise close and matchable power changes when being switched ON and OFF. Secondly, transients lasting longer than
the sampling period may be segmented into multiple consecutive
power changes, resulting in mismatching. Although pre-processing
proposed in [12] can sharpen state transition edges in power signals
and gain performance improvement, transient characteristics are
destroyed. Instead of widely-featured power change events, steadystate sequences are segmented from the aggregate and featured

by an unsupervised GSP-based NILM method in [7]. Since the segmented sequences may differ in length, Dynamic Time Warping
(DTW) is utilized to calculate similarity in graph edge weighting.
However, its performance is sensitive to simultaneous load operation and measurement noises.
Driven by the aforementioned shortcomings of current works,
an unsupervised GSP-based NILM approach is proposed in this
paper, featuring power sequences from the aggregate. Different
from the steady-state sequences segmented in [7], state transition
sequence (STS) is defined in this paper, consisting of ‘rising’ and
‘falling’ power sequences. A ‘rising’ sequence refers to the starting
power transient of an operational state, while its ending power
transient can be represented by a ‘falling’ sequence. As in [7], DTW
is utilized in graph edge weighting to calculate distances among
extracted STSs for similarity quantification. The proposed method
is benchmarked with two state-of-the-art unsupervised GSP-based
NILM solutions proposed in [6] and [7]. All methods are validated
on two publicly-available datasets, AMPds dataset from Canada
and REFIT dataset from the UK. Our main contributions include:
• a state transition sequence extraction method is proposed
for segmenting informative STS features;
• an unsupervised GSP-based NILM approach is proposed,
where the similarity calculation for STSs is based on DTW;
• the proposed method is validated on open-access AMPds
and REFIT datasets, benchmarked with state-of-the-art GSPbased NILM methods using different features.
The rest of this paper is organised as follows. The proposed
method is explained in Section 2. In Section 3, we clarify the experimental setup and discuss the results. Section 4 contains the
conclusion and future work.

Algorithm 1: STS extraction
1
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3
4
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Input: p; 𝑁 ; 𝑇 ; 𝑡 0 ; 𝑡 1 ;
Output: E R ; E F ;
initialise e ← [ ]; 𝑖 ← 1; 𝑖 0 ← 0; 𝑖 1 ← −𝑡 1 ; E R ← ∅;
E F ← ∅;
while 𝑖 ≤ 𝑁 − 1 do
Δ𝑝𝑖 ← 𝑝𝑖+1 − 𝑝𝑖 ;
if |Δ𝑝𝑖 | ≥ 𝑇 then
if e = [ ] then
if 𝑖 − 𝑖 0 ≥ 𝑡 0 then
assign p𝑖−𝑡0 +1:𝑖−1 to e;
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else if 𝑖 > 𝑖 0 + 2 then
assign p𝑖 0 +1:𝑖−1 to e;
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else if 𝑖 = 𝑖 0 + 2 then
assign 𝑝𝑖 0 +1 to e;
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24
25

assign 𝑝𝑖 to e; 𝑖 0 ← 𝑖; 𝑖 1 ← 𝑖;
else if 𝑖 − 𝑖 1 < 𝑡 1 then
assign 𝑝𝑖 to e;
else if 𝑖 − 𝑖 1 = 𝑡 1 then
assign 𝑝𝑖 to e;
e ← e − emin ;
if e ≤ ē then
E R ← E R ∪ {e};
else
E F ← E F ∪ {e};
e ← [ ];
𝑖 + +;
return E R ; E F
Input:
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METHODOLOGY

The proposed unsupervised GSP-based NILM method consists of
three stages: STS extraction, GSP-based STS clustering and STS
matching.

2.1

State Transition Sequence Extraction

Instead of the signal segmentation for capturing steady-state sequences in [7], a method for extracting STSs is proposed. STSs,
storing complete power transients of beginnings and ends of operational states, are informative features in further clustering and
matching. The proposed STS extraction algorithm is presented in
Algorithm 1.
In Line 1, given an 𝑁 -length aggregate power signal p, 𝑡 0 and 𝑡 1
are heuristically set sequence length constraints, with a threshold
𝑇 for mitigating small power changes not due to load state transition.After initialisation in Line 2, each power variation sample with
|Δ𝑝𝑖 | ≥ 𝑇 and its previously neighbours are assigned to a sequence
e, based on the adaptive rules as in Lines 5−13. Otherwise, if a
power variation sample with |Δ𝑝𝑖 | < 𝑇 is near the stored sudden
power change event in e, i.e., their period is shorter than 𝑡 1 , it will be
merged into e, as shown in Lines 14-17. In Line 18, standardisation
is carried out on e, by subtracting its minimum entry from each
entry therein. Based on whether the ending entry in e is greater
than its mean ē, e can be labelled as a ’rising’ or ’falling’ STS. Thus,
each ’rising’ STS is grouped into a set E R while each ’falling’ one is
stored in E F , with e reset to empty. After repeating such procedure
for all power variation samples Δ𝑝𝑖 , all ’rising’ and ’falling’ STSs
are stored in E R and E F , respectively.

2.2

GSP-based STS clustering

Then, clustering is independently carried out on the generated
STS sets E R and E F , based on separately built graphs. Therefore,
taking E R as an example, the flow chart of its clustering is shown
as in Fig. 1. Given a set E R containing 𝑁 sequences, a graph can
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Figure 1: Flow chart of GSP-based STS clustering.
be defined as G R = (V, A), where V is a set of graph nodes and
A is the adjacency matrix. In G R , each node 𝑣𝑖 corresponds to a
sample 𝑠𝑖 in graph signal s, as a mapping of sequence e𝑖 in E R ,
for 𝑖 = 1, ..., 𝑁 . Besides, each entry 𝐴𝑖,𝑗 refers to the similarity or
correlation between nodes 𝑣𝑖 and 𝑣 𝑗 , usually weighted by a Gaussian
kernel weighting function:


𝐷𝑇𝑊 𝑑𝑖𝑠𝑡 (e𝑖 , e 𝑗 ) 2
𝐴𝑖,𝑗 = exp −
,
(1)
𝜌2
where 𝜌 is a scaling factor, and 𝐷𝑇𝑊 𝑑𝑖𝑠𝑡 (.) is the DTW distance
between sequences as in [7]. In GSP-based clustering, 𝑠 1 ← 1 corresponds to the clustering target which can be randomly picked from
the input signal [6]. Thus, we pick the first STS as the clustering
target, while the remaining is to be grouped, with corresponding
samples in s initialised as zeros.
Í
Let D be a diagonal matrix with 𝐷𝑖,𝑖 = 𝑗 𝐴𝑖,𝑗 , the graph Laplacian matrix L can be defined as L = D − A. Then the global smoothness of the graph signal can be defined as:
𝑁 𝑁
1 ∑︁ ∑︁
𝑆 2 (s) =
𝐴𝑖,𝑗 (𝑠 𝑗 − 𝑠𝑖 ) 2 = s𝑇 Ls,
(2)
2 𝑖=1 𝑗=1

reflecting the intrinsic structure of the underlying graph. It is believed that if s𝑇 Ls is small, the graph signal s will be generally
piece-wise smooth. The optimization problem arg min ∥s𝑇 Ls∥ 22 has
s

a closed-form solution:
s∗ = L#2:𝑁 ,2:𝑁 (−𝑠 1 )L𝑇1,2:𝑁 ,

(3)

(.) #

where
denotes the pseudo-inverse matrix.
Since each 𝑠 ∗𝑗 corresponds to an STS to be clustered, a fixed
threshold 𝑞 is used to select candidates. Thus, we group the first
STS (with 𝑠 1 = 1) and those with 𝑠 ∗𝑗 ≥ 𝑞 into the same cluster via
storing them in a sub-set in C R . After removing such clustered STSs
from E R , the above-mentioned process is repeated for the updated
E R until no STS is left. Like in [6], small clusters are merged into
larger ones for simplifying further cluster and matching. Assuming
that the 𝑛-th cluster 𝑐 R,𝑛 in C R contains 𝐽 STSs, thus for selecting
mergeable clusters, we define the magnitude of 𝑐 R,𝑛 as:
𝐽
1 ∑︁ R,𝑛,𝑗
R,𝑛,𝑗
𝑃˜𝑛R =
|c
− c1 |,
𝐽 𝑗=1 end
R,𝑛,𝑗

(4)

Power STS matching

For matching the clusters of ‘rising’ STSs with those of ‘falling’
STSs via matching STSs, a cluster matching algorithm is proposed
in Algorithm 2. In Algorithm 2, 𝛼 and 𝛽 are heuristically set tradeoff factors of magnitude variation Δ𝑃˜𝑚 and duration Δ𝑇˜𝑚 . After
initialisation, magnitudes of all clusters in C R and C F are calculated
as in Line 3. Then, STS matching starts for the 𝑐 R,𝑛 with the largest
𝑃˜𝑛R , via selecting a candidate from C F with the least 𝑑, as in Lines 416. In Lines 17-18, the paired ‘rising’ and ‘falling’ STSs are assigned
in S𝑘R and S𝑘F , separately, while the unpaired ones are stored in
additional clusters R R and R F in Line 19. After performing similar
STS matching steps on R R and R F until no remaining STS can be
matched, two sets S R and S F are obtained.

3

Input: 𝛼; 𝛽; C R containing 𝑁 clusters 𝑐 R,𝑛 ; C F containing
𝑀 clusters 𝑐 F,𝑚 ;
Output: S R ;S F ;
R
F
R
F
2 initialise S ← { }, S ← { }, I ← { }, R ← { }, R
← { }; 𝑘 ← 1;
R
R,𝑛 in C R and 𝑃˜ F ∀ 𝑐 F,𝑚 in C F by Eq. (4);
3 calculate 𝑃˜𝑛 ∀ 𝑐
𝑚
R,𝑛
R
4 for 𝑐
in C with the largest 𝑃˜𝑛R do
5
foreach 𝑐 F,𝑚 in C F do
6
𝑞 ← 1; 𝑞 0 ← 0; 𝑑 ← ∞; Δt̃𝑛 ← [ ];
F |;
Δ𝑃˜𝑚 ← |𝑃˜𝑛R − 𝑃˜𝑚
R,𝑛,𝑗
7
foreach c
in 𝑐 R,𝑛 do
8
𝑡 R ← the time instance of the largest power
increase in cR,𝑛,𝑗 ; 𝑑 t ← ∞; 𝑞 ← 𝑞 + 𝑞 0 ; 𝑞 0 ← 0;
9
foreach cF,𝑚,𝑙 in 𝑐 F,𝑚 do
10
𝑡𝑙F ← the time instance of the largest power
decrease in cF,𝑚,𝑙 ;
11
if 𝑡𝑙F > 𝑡 R and 𝑡𝑙F − 𝑡 R < 𝑑 t then
12
Δ𝑡˜𝑞𝑛 ← 𝑡𝑙F − 𝑡 R ; 𝑑 t ← 𝑡𝑙F − 𝑡 R ; 𝑞 0 ← 1;
1

R,𝑛,𝑗

where c1
and cend denote the first and last elements in the 𝑗-th
sequence of 𝑐 R,𝑛 . Then, each small cluster in C R with 𝐽 ≤ 𝐽0 is
merged to the larger one with the closest 𝑃˜𝑛R . Eventually, a set C R
is obtained as the clustering result of ‘rising’ STSs. Similarly, C F
can be obtained for ‘falling’ STSs.

2.3

Algorithm 2: Power STS matching

EXPERIMENTAL SETUP & PERFORMANCE
EVALUATION

For validation, experiments are carried out on open-access Canadian AMPds dataset[13] and British REFIT dataset[14], where data
is collected from real houses and widely used in NILM works. For
AMPds dataset sampled at 1min, four-month data from 2012-04-01
to 2012-07-31 is selected in the experiments.While, a longer period
of data sampled at 6-8sec is picked for REFIT House 2, from 201309-18 to 2014-04-06. Two state-of-the-art unsupervised GSP-based
NILM solutions are used as benchmarks and denoted by UGSP [6]
and UGSP-DTW [7], featuring power changes and power steadystate sequences, correspondingly. Evaluation metrics include True
Positive (𝑇 𝑃), False Positive (𝐹 𝑃), False Negative (𝐹 𝑁 ), Precision (𝑃𝑅),
Recall (𝑅𝐸) and 𝐹𝑚𝑒𝑎𝑠𝑢𝑟𝑒 (𝐹𝑚 ).
We first demonstrate the NILM results for AMPds dataset, as in
Table 1. Ignoring the appliances which are rarely used or consume
low power in the selected period, target appliances for disaggregation include Basement Plugs and Lights (BME), Clothes Dryer
(CDE), Clothes Washer (CWE), Dishwasher (DWE), Kitchen Fridge
(FGE), Heat Pump (HPE), Television (TVE) and Utility Room Plug
(UTE). The overall 𝐹𝑚 achieved by the proposed method is 0.82,

13
14
15
16

17

18

19
20
21

if Δt̃𝑛 ≠ ∅ then
Δ𝑇˜𝑚 ← the median value of Δt̃𝑛 ;
if 𝛼 ∗ Δ𝑃˜𝑚 + 𝛽 ∗ Δ𝑇˜𝑚 < 𝑑 then
𝑑 ← 𝛼 ∗ Δ𝑃˜𝑚 + 𝛽 ∗ Δ𝑇˜𝑚 ; I ← 𝑐 F,𝑚 ;
find all pairs of cR,𝑛,𝑗 in 𝑐 R,𝑛 and cF,𝑚,𝑙 in I, where the
paired cF,𝑚,𝑙 and cR,𝑛,𝑗 are time-wise closest to each
other and cF,𝑚,𝑙 lies after its pair cR,𝑛,𝑗 ;
store all paired ‘rising’ STSs into S𝑘R and ‘falling’ STSs
into S𝑘F , and remove them from 𝑐 R,𝑛 and 𝑐 F,𝑚 ;
R R ← R R ∪ 𝑐 R,𝑛 ; R F ← R F ∪ 𝑐 F,𝑚 ; 𝑘 + +;
repeat STS matching for R R and R F as in Lines 17-19 until
the remaining are unmatchable;
return S R ; S F

superior to UGSP by 0.12 and UGSP-DTW by 0.05, respectively.
For explanation, DWE is taken as an example. On one hand, the
switching-ON transients of DWE usually last for 2-3min, which are
longer than the sampling period as 1 min, leading to incompletely
detected power changes and inferior state transition event matching result in UGSP. On the other hand, its steady-states are short
and difficult to be captured in UGSP-DTW. However, the better 𝐹𝑚
performance of the proposed method is benefited from extracting
and matching STSs, which contain unique power transient characteristics of DWE. Note that the power consumed by FGE is around
110Watt, which is close to those for low-power operational states
of other appliances, leading to high 𝐹 𝑃 while low 𝑃𝑅 and 𝐹𝑚 for
UGSP. However, calculating STS similarity based on DTW distance
and further STS matching in the proposed method contribute to
𝐹𝑚 improvement by 0.12, confirming that information learnt from
extracted STSs in the proposed method supports identifying FGE
loads against others.
Then we move on to the NILM results for House 2 from REFIT
dataset, as in Table 2. The main appliances in REFIT House 2 to be
disaggregated include Fridge-freezer (FF), Washing Machine (WM),
Dishwasher (DW), TV, Microwave (M), Toaster (T), and Kettle (K).
From Table 2, both UGSP-DTW and the proposed method generally
outperform UGSP, with around 0.1 improvement on 𝐹𝑚 by featuring
power sequences and DTW-based graph edge weighting. Note that

The proposed method
UGSP [6]
UGSP-DTW [7]
App. BME CDE CWE DWE FGE HPE TVE UTE Overall App. BME CDE CWE DWE FGE HPE TVE UTE Overall App. BME CDE CWE DWE FGE HPE TVE UTE Overall
𝑇 𝑃 162 82 13 192 3702 75 6 70 4302
𝑇 𝑃 110 98 25 152 2884 62 2 32 3365
𝑇 𝑃 89 61 20 80 3351 71 5 35 3712
𝐹 𝑃 56 5 11 18 420 12 9 23 554
𝐹 𝑃 70 12 52 13 1298 6 21 19 1491
𝐹 𝑃 49 5 16
5 953 14 31 12 1085
𝐹 𝑁 150 41 150 112 710 13 105 62 1343
𝐹 𝑁 183 56 195 103 642 21 83 53 1336
𝐹 𝑁 122 39 130 92 623 13 86 46 1151
𝑃𝑅 0.74 0.94 0.54 0.91 0.90 0.86 0.40 0.75 0.89
𝑃𝑅 0.61 0.89 0.32 0.92 0.69 0.91 0.09 0.63 0.69
𝑃𝑅 0.64 0.92 0.56 0.94 0.78 0.84 0.14 0.74 0.77
𝑅𝐸 0.52 0.67 0.08 0.63 0.84 0.85 0.05 0.53 0.76
𝑅𝐸 0.38 0.64 0.11 0.60 0.82 0.75 0.02 0.38 0.72
𝑅𝐸 0.42 0.61 0.13 0.47 0.84 0.85 0.05 0.43 0.76
𝐹𝑚 0.61 0.78 0.14 0.75 0.87 0.86 0.10 0.62 0.82
𝐹𝑚 0.47 0.74 0.17 0.72 0.75 0.82 0.04 0.47 0.70
𝐹𝑚 0.51 0.73 0.22 0.62 0.81 0.84 0.08 0.55 0.77

Table 1: Performance evaluation on AMPds dataset.
App.
𝑇𝑃
𝐹𝑃
𝐹𝑁
𝑃𝑅
𝑅𝐸
𝐹𝑚

FF
1071
372
105
0.74
0.91
0.82

The proposed Method
WM DW TV M T
17 130 52 136 44
12 37 92 20 12
8 30 50 102 21
0.63 0.78 0.36 0.87 0.79
0.65 0.81 0.51 0.57 0.68
0.64 0.80 0.42 0.69 0.73

K Overall
270 1720
30
575
24
340
0.90 0.75
0.92 0.83
0.91 0.79

App.
𝑇𝑃
𝐹𝑃
𝐹𝑁
𝑃𝑅
𝑅𝐸
𝐹𝑚

FF
962
551
214
0.64
0.82
0.72

WM
16
5
20
0.76
0.44
0.56

UGSP [6]
DW TV M
96 19 92
97 89 84
49 80 34
0.50 0.18 0.52
0.66 0.19 0.73
0.57 0.18 0.61

T
29
11
23
0.73
0.56
0.63

K Overall
233 1447
41
848
52
472
0.85 0.60
0.82 0.73
0.83 0.69

App.
𝑇𝑃
𝐹𝑃
𝐹𝑁
𝑃𝑅
𝑅𝐸
𝐹𝑚

FF
1026
314
123
0.77
0.89
0.82

WM
12
9
7
0.57
0.63
0.60

UGSP-DTW [7]
DW TV M T
110 30 121 38
56 112 56 25
33 64 36 22
0.66 0.21 0.68 0.60
0.77 0.32 0.77 0.63
0.71 0.25 0.72 0.62

K Overall
269 1606
26
598
35
320
0.91 0.73
0.89 0.83
0.90 0.78

Table 2: Performance evaluation for REFIT House 2.
the proposed method scores higher on 𝑇 𝑃 than UGSP-DTW does,
which is in line with the results on AMPds dataset. Since DW and
WM operate at similar power ranges, around 2200 Watt and 2250
Watt, respectively, the task of disaggregating them is beyond the
performance boundaries of UGSP [6]. However, DW and WM differ
in operation duration, namely, the length of steady-state sequences
featured in UGSP-DTW. Thus, UGSP-DTW outperforms UGSP for
both DW and WM. Furthermore, DW takes a longer period to
reach a stable power range since being switched ON than WM dose.
Therefore, in the proposed method, ‘rising’ STSs of DW and WM
can be grouped into various clusters and help refine disaggregation
results for both appliances. It can be observed from both Table 1
and Table 2 that the disaggregation result for TV is the worst, due
to frequent and significant power fluctuations prevent all methods
from extracting qualified features for good clustering and matching performance. However, the proposed method is still slightly
superior to the others. In all, the NILM results show that matching ‘rising’ and ‘falling’ STSs contributes to NILM performance
improvement.
For demonstrating the disaggregated energy shares, pie charts
are drawn for the NILM experiments on AMPds dataset as in Fig. 2.
From Fig. 2, the proposed method performs better than benchmarks

(a) UGSP

(b) UGSP-DTW (c) The proposed (d) Ground truth
method

Figure 2: Pie charts of disaggregated energy shares on AMPds
dataset.
for most appliances, consistent with the results shown in Table
1. The underestimated power consumption shares of TVE for all
methods also match their high 𝐹 𝑁 results shown in Table 1.
The disaggregated load power signals are demonstrated in Fig.
3. From Fig. 3, the disaggregated power signals for most appliances
are close to the ground truth except those for CWE and TVE, as in
Table 1. Note that feature matching for CWE is a hard task, as it
has multiple operational states in various power ranges. In terms
of TVE, its disaggregation result is affected by power fluctuations
while operating, which is afore-mentioned.
In conclusion, UGSP performs poor for the appliances operating
at close power ranges or those with long-term power transients, as
claimed in [6]. However, it requires the least storage and computation resources among the three methods. UGSP-DTW benefits from
the steady-state sequence feature and outperforms UGSP, however,

(a) BME

(b) CDE

(c) CWE

(d) DWE

(e) FGE

(f) HPE

(g) TVE

(h) UTE

Figure 3: Typical disaggregation result of the proposed
method on AMPds dataset.
its performance for short-lasting loads is limited. Although the
proposed method requires more computational resources for STS
clustering and matching, it succeeds in 𝑃𝑅 and 𝐹𝑚 improvement
for most appliances.

4

CONCLUSION AND FUTURE WORK

In this paper, an unsupervised GSP-based approach is proposed
to perform load disaggregation on low-rate power measurements.
For breaking the performance limitation of the existing unsupervised GSP-based NILM methods due to feature selection, STSs are
extracted and featured in the proposed method for further clustering and matching. Experiments on open-access AMPds and REFIT
datasets show the proposed method generally outperforms two
state-of-the-art benchmarks, UGSP featuring power changes and
UGSP-DTW featuring steady-state power sequences. For most appliances, the power consumption disaggregated by the proposed
method is closer to the ground truth comparing to the benchmarks.
Thus, it can be concluded that STS extraction and further matching
in the proposed method help improve NILM performance. Future
work includes validation across more datasets with various sampling rates and robustness enhancement for multi-state appliances
via investigation on identifying all extracted STSs and steady-state
power sequences belonging to the same operational cycle while
matching.
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A

PARAMETER SETTINGS

The parameter settings in the experiments for AMPds dataset and
REFIT House 2 are shown in Table 3.
Comparing to the duration Δ𝑇˜𝑚 for the appliances in AMPds
dataset, those for REFIT House 2 are more distinguishable. Thus, a
higher 𝛽 is set for REFIT House 2 to facilitate feature representation.
Parameters AMPds dataset REFIT House 2
𝑇
100
30
𝑡0
3
2
𝑡1
3
2
𝑞
0.5
0.5
𝛼
0.8
0.75
𝛽
0.2
0.25
𝐽0
50
40
𝜌
9.4
8.1
Table 3: Parameter settings for AMPds dataset and REFIT
House 2.

