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ABSTRACT

1

The growing request for eco-feedback and smart living concepts
accelerated the development of Non-Intrusive Load Monitoring
(NILM) algorithms during the last decade. Comparing and evaluating these algorithms still remains challenging due to the absence of
a common benchmark datasets, and missing best practises for their
application. Despite the fact that multiple datasets were recorded
for the purpose of comparing NILM algorithms, many researchers
still have to record their own dataset in order to meet the requirements of their specific application. Adding ground truth labels to
these datasets is a cumbersome and time consuming process as it requires an expert to visually inspect all the data manually. Therefore,
we propose the Annoticity inspection and labeling tool which simplifies the process of visualizing and labeling of electricity data. We
use an event detector based on the log likelihood ratio test which
achieved an 𝐹 1 score of 90.07 % in our experiments. Preliminary
results indicate that the effort of generating event labels is reduced
by 80.35 % using our tool.

The global per capita electricity consumption was 3132 kW h in
2014 [20]. Producing this massive amount of electricity contributes
to 27 % of the global greenhouse gas emissions [1]. Hence, reducing
the global electricity consumption is a significant mission that
starts in our homes. A meta-study by Ehrhardt-Martinez et al. [4]
indicates that electricity savings of up to 13.7 % can be achieved if
real-time per device electricity feedback is provided to the home’s
owner. Algorithms like Intrusive- (ILM) or Non-Intrusvie Load
Monitoring (NILM) can be used to generate such device specific
consumption and have shown to be effective in providing ecofeedback [7, 14, 17]. While ILM requires a dedicated electricity meter
at each appliance, NILM requires only a single electricity meter
that measures the composite load of all appliances. This composite
load is disaggregated into the load of each individual appliance
using specially designed and often individually trained algorithms.
In particular event-based NILM algorithms detect events in the
aggregated power consumption and relate them to state changes of
an particular appliance, to reconstruct its individual consumption.
In addition to simply providing eco-feedback, smart home agents
can be utilized to save electricity. Such agents could learn routines
of the home’s inhabitants by exploring when and how a user interacts with appliances. Based on such observations, these systems
could derive advanced automations to directly save electricity or actively support the users by recommending advanced energy saving
strategies. To learn these routines, information about state changes
of, and interactions with an appliance are required. Smart devices
like newer SmartTVs or smart light systems can directly provide
such events (state changes or interactions). A retrofitable solution
for non-smart devices is to automatically extract these events from
the power consumption of an appliance (e.g. provided by a NILM
or ILM algorithm).
The development of event-based NILM and smart agents depends
on datasets with precise ground truth data, i.e., labeled events in
the power consumption of each appliance.
Some electricity datasets were specifically recorded with eventdetection in mind and deliver some appliance events as part of their
ground truth data (e.g. switch-on and -off events in the BLUED
dataset [5]). Adding such ground truth information after the recording remains challenging, as it requires human inspection of the data
and expert knowledge. Therefor, researchers have developed semiautomatic labeling approaches such as [15] or [18]. Further crowd
sourcing and gamification techniques have been examined to enable
collaborative ground truth labeling and applying the “wisdom of
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Figure 1: Flow of the Annoticity labeling tool. Data fetching, automatic labeling and file creation is performed on the
server side, while plain labeling and user interaction is performed on the client side.
the crowd” [3]. Tools to label electricity data have been published by
[16] and [8]. Although these tools exist, the inspection and labeling
of public electricity datasets or newly recorded data still remains
cumbersome. Datasets have to be downloaded from the internet
and must be stored locally first. The shear size of some datasets
(e.g. 35 TB for BLOND [11]) requires careful preparation. As no
common file format is established, each dataset requires specific
code to load data into memory, before even an initial inspection of
the data is possible. Adding labels to those datasets is a challenging and time consuming task as several appliances change their
state regularly resulting in hundred’s of events per day. Pereira
et al. evaluated their labeling tool in [16] and were able to find
94 % of the events automatically. Some shortcomings are that only
appliances which draw more than 30 W are supported and that no
textual descriptions can be added to events.
We present a novel annotation tool for the task of generating precise text based ground truth labels for electricity data. It is realized
as a web application and provides direct access to various publicly
available electricity datasets without requiring to download the
data to disk. Users can add labels manually, review automatically
generated labels, or modify existing label sets. As we detail in this
paper, the automatic labeling significantly reduces the manual labeling effort. The labels can be downloaded in various file formats
including an option to store the labels with the original data.

2

ANNOTICITY TOOL

The Annoticity labeling tool is implemented as an interactive web
application. Manual labeling and inspection is performed on the
client side while data fetching and automatic labeling is performed
on the server. The workflow is depicted in Figure 1.
The server backend is written in python using the Django framework [6]. The backend’s main purpose is to load the data and prepare it for visualisation, perform the task of automatic labeling
and provide file downloads. Data can be uploaded through the web
application. Currently, only Matroska [12] multimedia containers
(mkv) are supported. The REDD [10], UK-DALE [9], BLOND [11],
ECO [2] and the FIRED [19] datasets can be directly selected (more
will be added). The backend resamples the data to a reasonable
sampling rate according to the current time-span selected by the
user. If the dataset already contains labels they will be displayed

change parameter of automatic labelling
download labels and data

Figure 2: The graphic user interface of the Annoticity labeling tool. The fridge events were generated and clustered automatically. Each text description (Off, Compressor On) was
only set once, other occurrences were labeled accordingly.
to the user. Additionally, a file containing labels can be uploaded
and modified. The supported formats are csv, srt and ass. The automatic labeling, described in Section 3, generates labels from the
data by identifying events in the data. These events are clustered,
pre-labeled and sent to the client side for inspection and validation.
The client side is implemented in HTML and JavaScript and provides the frontend to the user. Annoticity’s graphical user interface
is shown in Figure 2. After either uploading a file or selecting a
timespan and device of an available dataset, the user can visually
inspect the data. Different measures (e.g. active and reactive power)
can be selected, and data can be zoomed in which leads to a data
download at a higher sampling rate. The user can add a label by
clicking at the slope where an event occurs, remove the label by
clicking on the vertical bar, or modify the label. Each label consists
of a start time and a (possibly empty) text description. The frontend also allows to set the parameters of the automatic labeling
algorithm. Labels are stored either as plain csv, ass or srt files or
embedded into a mkv file together with the original data.
As Annoticity is designed as a web application, access to the data
is provided from anywhere. The only requirements are a modern
browser and an internet connection. With the user management
directly built-in to the Django framework, the Annoticity tool is
already primed for collaborative labeling and gamification mechanisms in a future version (e.g. as realized by [3]). Even though the
tool is optimized to label electricity data, it can be applied to other
time series data as well.

3

AUTOMATIC LABELING

The identification and labeling of events is split into three steps:
event detection, a unique event identification and a high variance
filtering. These steps are applied to the data’s apparent or active
power depending on availability. If neither apparent nor active
power is available, but raw voltage and current waveforms are, the
apparent power (𝑆) is calculated from the these waveforms.
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Event Detection: The event detector is based on previous work from
Pereira et al. [13] and Völker et al. [18]. It uses an adapted version
of the Log-Likelihood Ratio (LLR) test applied to the power signal
to detect a change in the signals mean value. For each power sample
(𝑗) we calculate the likelihood (𝐿( 𝑗)) that an event has happened
at sample 𝑗. The calculation applies a detection window over the
power signal. This detection window is split into two sub-windows,
the pre-event window [𝑖, 𝑗 [ and the post-event window [ 𝑗, 𝑘]. 𝐿( 𝑗)
is calculated as

2 
2


𝑆 ( 𝑗) − 𝜇 [𝑖,𝑗 [
𝑆 ( 𝑗) − 𝜇 [ 𝑗,𝑘 ]
𝜎 [𝑖,𝑗 [
+
𝐿( 𝑗) = ln
−
.
(1)
𝜎 [ 𝑗,𝑘 ]
2 · 𝜎 2[𝑖,𝑗 [
2 · 𝜎 2[ 𝑗,𝑘 ]

mean changes are expected, and a short 𝑙 should be chosen if events
can happen close in time.

𝜎 [𝑖,𝑗 [ and 𝜎 [ 𝑗,𝑘 ] are the standard deviations of the pre-event
and post-event window while 𝜇 [𝑖,𝑗 [ and 𝜇 [ 𝑗,𝑘 ] are the means, respectively. To further clean this signal, 𝐿( 𝑗) is set to zero, if the
change of the mean value between the pre- and post-event is below
a certain threshold (𝑡ℎ𝑟𝑒𝑠 𝑗 ). Ultimately, the likelihood of an event
present at sample 𝑗 is calculated as
(
𝐿( 𝑗), if 𝜇 [𝑖,𝑗 [ − 𝜇 [ 𝑗,𝑘 ] > 𝑡ℎ𝑟𝑒𝑠 𝑗
𝐿( 𝑗) =
.
(2)
0,
𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

High Variance Filtering: For appliances which draw variable power
depending on the current context (e.g. calculations of a PC, content
of a television, or audio played by a hifi system, etc.) event detection
based on the log likelihood causes a large number of false positives.
To prevent those, we detect regions which show an increased signal
variance, since this is typical for these appliances. We therefor
calculate the mean and variance on a sliding window. If the variance
is larger than 2 % of the mean value, high variance is assumed in
this window. If consecutive windows of high variance exceed a
length of 4 s, all events found in these windows are removed.

𝑡ℎ𝑟𝑒𝑠 𝑗 linearly increases with the mean power of the pre-event
window as
𝑡ℎ𝑟𝑒𝑠 𝑗 = 𝑡ℎ𝑟𝑒𝑠𝑚𝑖𝑛 + 𝑚 · 𝜇 [𝑖,𝑗 [ ,

(3)

where 𝑡ℎ𝑟𝑒𝑠𝑚𝑖𝑛 is the minimum power change of interest and 𝑚 is
a coefficient that increases the threshold for larger mean values.
The reason for having an increasing threshold is that high power
appliances typically also show a higher variance due to components
such as motors or processing units which consume variable power
depending on the current load (resistance or calculations). If 𝑡ℎ𝑟𝑒𝑠 𝑗
is set to a small fixed value, a high variance causes many falsely
classified events. If 𝑡ℎ𝑟𝑒𝑠 𝑗 is set to a higher threshold (e.g. 30 W as
in [15]), events of low power devices such as smartphone chargers
or even smaller televisions are not detected at all. Therefore, 𝑡ℎ𝑟𝑒𝑠 𝑗
linearly increases with the power consumed around sample 𝑗 to
adapt to possibly larger fluctuations, which prevents false positives
and false negatives.
If an event is detected at sample 𝑗, 𝐿 is also non-zero around
sample 𝑗 as the change in mean is still observable in close proximity to the event. To identify the exact sample at which the event
occurred, a voting window is applied to the signal 𝐿. Inside the
window only the maximum of the absolute value of 𝐿 is kept. We
further restrict the minimum distance between two events with an
additional parameter 𝑙.
Summarized, the algorithm has six adjustable parameters: the
duration of the pre- and post-event windows, the duration of the
voting window, the minimum detection threshold 𝑡ℎ𝑟𝑒𝑠𝑚𝑖𝑛 , the
linear coefficient 𝑚 and the minimum distance between two events
𝑙. These can be individually adjusted in the Annoticity tool. The
standard values where chosen based on the findings of [18] as: preevent window: 1 s, post-event window: 1.5 s, voting window: 2 s,
𝑡ℎ𝑟𝑒𝑠𝑚𝑖𝑛 = 3 W and 𝑚 = 0.005. A user should specifically adjust
the parameters 𝑡ℎ𝑟𝑒𝑠𝑚𝑖𝑛 and 𝑙 according to a-priory knowledge of
the data: a low threshold 𝑡ℎ𝑟𝑒𝑠𝑚𝑖𝑛 is required if events with small

Unique Event Identification: After detecting events, we calculate the
mean power between all consecutive events. These mean values
are used to identify identical events as most of the appliances draw
a different power after an event (e.g. the kettle after it is switched
on). Some appliances show a high rush-in power followed by a
power settling due to e.g. motors. These high peaks would bias the
mean value calculation. Hence, we remove the 10 % of the highest
and lowest values before calculating the mean value. The set of
these mean values is clustered using hierarchical clustering with a
distance threshold determined by 𝑡ℎ𝑟𝑒𝑠𝑚𝑖𝑛 .

4

EVALUATION AND RESULTS

The proposed event detector was evaluated using the publicly available datasets REDD [10] and FIRED [19]. We used 8 days from each
dataset and labeled all events manually by visually inspecting the
data. In particular, we labeled 4030 events in total to serve as the
ground truth for the following evaluation.
The results are presented in terms of the following metrics: True
Positives (TP), False Positives (FP) and False Negatives (FN ). A TP is
defined as a detected event that is reflected within 2 s in the ground
truth data. Accordingly, a FP is defined as a detected event without
a corresponding event in the ground truth, and a FN is an event in
the ground truth data which is not found during detection. To sum
up the results of TP, FP and FN, we calculated the 𝐹 1 measure as
𝐹1 =

4.1

2 ·𝑇𝑃
.
2 · 𝑇𝑃 + 𝐹𝑁 + 𝐹𝑃

(4)

REDD dataset

The Reference Energy Disaggregation Dataset (REDD) was introduced by Kolter et al. in 2011 [10]. The authors used a custom
built system to record the electricity consumption of six different
homes in the US over a time period of 35 days. Apparent power
measurements are available at mains, socket and sub-circuit-level at
a sampling frequency of approximately 1/3 Hz. We used the socketand sub-circuit-level data of eight days (from April 19th 2011 to
April 26th 2011) from house 2 for evaluation and resampled the
data to 1 Hz. Due to the low sampling rate of the REDD dataset,
we used the following parameters for evaluation: pre-event window and post-event window = 3 s, voting window length = 4 s,
𝑡ℎ𝑟𝑒𝑠𝑚𝑖𝑛 = 4.5 W, 𝑚 = 0.009 and 𝑙 = 2 s.
The results are shown in Table 1. Overall, an 𝐹 1 score of 86.73 %
was achieved. 1627 out of 1944 events (83.69 %) were identified
correctly. The refrigerator, which exhibits the most events, shows
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Table 1: Event detector performance on REDD. The washer
dryer was not used during the evaluation time period.
Appliance

Events

𝑇𝑃

𝐹𝑃

𝐹𝑁

𝐹1

Appliance

Events

𝑇𝑃

𝐹𝑃

𝐹𝑁

𝐹1

dishwaser
disposal
kitchen outlets #1
lighting
stove
microwave
washer dryer
kitchen outlets #2
refrigerator
sum

59
19
72
156
47
158
0
525
908
1944

51
11
49
85
40
130
0
464
797
1627

34
0
3
7
6
20
2
5
104
181

8
8
23
71
7
28
0
61
111
317

70.83
73.33
79.03
68.55
86.02
84.42
0.00
93.36
88.11
86.73

baby heat lamp
fridge
coffee grinder
espresso machine
kettle
hairdryer
hifi system
television
kitchen spot light
oven
fume extractor
sum

6
574
225
1095
16
12
28
47
4
50
29
2086

6
559
186
1035
16
12
28
39
4
50
29
1964

0
16
94
8
5
0
42
2
0
3
2
172

0
15
39
60
0
0
0
8
0
0
0
122

100.00
97.30
73.66
96.82
86.49
100.00
57.14
88.64
100.00
97.09
96.67
93.04

the highest number of FP. These stem from short defrosting cycles
which have not been treated as relevant events during the manual
ground truth labeling process. The lighting and the kitchen outlets
#2 show high numbers of FN due to events close or below the
minimum mean change threshold of 4.5 W.

4.2

FIRED dataset

The Fully-labeled hIgh-fRequency Electricity Disaggregation (FIRED)
dataset was introduced by Völker et al. in 2020 [19]. The authors
used custom built hardware to record high frequency main’s and
socket level consumption data of an apartment building in Germany
over a time period of 52 days. Power measurements are available
for 21 appliances at a sampling rate of 50 Hz. We selected eleven of
these appliances and evaluated the event detector on eight days of
data (from July 28th 2020 to August 4th 2020). The following parameter are used for evaluation: pre-event window and post-event
window length = 1 s and 1.5 s, voting window length = 2 s, 𝑡ℎ𝑟𝑒𝑠𝑚𝑖𝑛
= 3 W, 𝑚 = 0.005 and 𝑙=2 s.
The results are summarized in Table 2. The overall 𝐹 1 score for
the FIRED dataset is 93.04 %. 1964 out of 2086 events are recognized
correctly. The coffee grinder and the hifi system show a high number
of FP due to high variance while grinding or playing audio. A high
variance filtering as explained in Section 3 would have potentially
removed these, but our evaluation focused solely on the event
detection process. The espresso machine has very short heating
cycles and a pump which happen to cause events close in time, i.e.
smaller than 𝑙 = 2 s, which are not detecting. These account for the
comparably large amount of FN.

5

Table 2: Evaluation results of the event detector for the
FIRED data.

DISCUSSION

Manually adding 4030 labels for the evaluation took a decent amount
of effort despite being just two weeks of data. The proposed automatic labeling of the Annoticity tool was able to correctly place
3591 of these labels. Correcting the results of the automatic labeling
would consist of removing 353 FP and manually adding 439 FN.
Even if all automatically generated labels are to be inspected visually, the bare labeling effort, i.e., the number of required clicks,
is already reduced by 80.35 %. Considering that a fixed parameter
set was used per dataset to simplify evaluation, the number of FP
and FN could further be reduced by adjusting the parameters individually for a particular device. Moreover, as the labeling tool

also identifies identical events, the additional workload of adding
textual labels is reduced to changing the name of one event (e.g.
Compressor On, Door Open, Off for the fridge).
The better results for the FIRED dataset indicate that higher data
resolution and sampling rate are beneficial for event recognition
methods. An additional evaluation could determine a sweet spot
for both data parameters but is beyond the scope of this work.
Annoticity is made available to the public for everyone to discover electricity data or label datasets1 .

6

CONCLUSION

We presented Annoticity, a data browser and annotation tool designed for labeling electricity datasets. To decrease the effort of
manual labeling we used an event detector which is able to recognize and pre-label power events in the data. Therewith the process
of labeling data is changed from repetitively selecting annotating
regions of data to reviewing proposals of the automatic event detection and skimming the time-series for missed events. We evaluated
the event detector using a fixed parameter set across devices of
two publicly available datasets. This evaluation has shown that
events could be identified with an overall 𝐹 1 score of 90.07 %. Using
this detector, Annoticity can pre-label a large amount of events
automatically, hence significantly reducing the amount of human
labeling. By reducing the effort required to label electricity datasets,
researchers can focus on improving disaggregation algorithms,
which are crucial to saving earth’s energy resources. Future work
should focus on improving the event detection algorithm, and to
automatically devise the algorithm’s parameter from statistical
summaries of the data.
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