
IEEE TRANSACTIONS ON GREEN COMMUNICATIONS AND NETWORKING, VOL. XX, NO. X, X XXXX 1

Harnessing Temporal Awareness: Dual-CNN Model
for Non-Intrusive Load Monitoring

Hengxin Wu, Yechun Ruan, and Qianyi Huang, Member, IEEE

Abstract—Thoroughly monitoring the energy consumption of
each appliance in a household is essential to assist users in
better engaging in power-saving practices. To get per-appliance
electrical profile, non-intrusive load monitoring (NILM), also
known as energy disaggregation, is a blind source separation
task, that decomposes the total household electricity consumption
into the load profile of each individual appliance. In recent years,
deep learning models have demonstrated superior performance in
NILM tasks. However, when encountering an unseen household,
the model performance degrades seriously. In order to improve
the performance on unseen households, we observe that temporal
information is beneficial for the model generalization ability, as
the ON/OFF patterns of electrical appliances follow a similar
time schedule across different households. Thus, in this paper,
we propose a time-aware dual-CNN architecture for NILM
(TimeNILM), which fully exploits the temporal information and
employs feature fusion based on attention mechanism to improve
model performance. Experimental results on two datasets (REDD
and UK-DALE) demonstrate that our model outperforms state-
of-the-art models, achieving 8%-27% mean absolute error (MAE)
gain and 8%-35% signal aggregated error (SAEδ) gain for unseen
households. As appliance usage patterns are private data, in
order to protect user privacy, we extend TimeNILM to federated
settings and propose a scheme for aggregation during the learning
process. Furthermore, we have successfully deployed TimeNILM
on edge devices, and performance evalutation indicates that the
model is capable of real-time load monitoring on a Raspberry
Pi.

Index Terms—Non-intrusive load monitoring, temporal infor-
mation, dual-CNN architecture, feature fusion, federated learning

I. INTRODUCTION

THE residential sector accounts for a major portion of
the overall electricity usage in society. According to

recent research, residential buildings account for 40% of total
energy consumption in the United States [1]. It is disturbing
that at least 30% of electricity in residential consumption is
wasted [2]. Although the governments of the United States and
the United Kingdom have deployed a substantial number of
smart meters in residential settings, these smart meters can
only measure whole-home electricity consumption, without
detailed information of each appliance. Thoroughly monitoring
the energy consumption of each appliance in a household is
essential to assist users in better engaging in power-saving
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practices, so that users can identify power-hungry appliances
and make corresponding power-saving efforts.

Non-intrusive load monitoring (NILM), was first proposed
by Hart in 1992. In NILM, the aggregated whole-home power
consumption is decomposed into per-appliance power con-
sumption, which saves us from deploying a dedicated sensor
for each appliance. In recent years, deep learning has emerged
as a popular approach for NILM [3], [4]. Considering the
characteristics of electrical appliances, state-of-the-art models
are proposed. In Subtask Gating Network (SGN) [5], the
model consists of a classification sub-network and a regression
sub-network, where the classification sub-network predicts the
ON/OFF state of the appliance and the regression network
predicts the power level of the appliance. More recently,
Multi-State Dual CNN (MSDC) considers appliances with
multiple states and utilizes Conditional Random Fields (CRF)
to capture state transitions [6], leading to further improvements
in power consumption prediction accuracy.

Existing deep learning models for NILM are typically
trained using a substantial amount of labeled data [7]. How-
ever, when encountering unseen households, the model’s gen-
eralization ability becomes unsatisfactory. This task is highly
challenging as the power consumption level of an appliance
is influenced by a number of factors. Take the fridge as an
example. Fridges are made by different manufacturers and
even the same manufacturer can produce various models. Even
users’ configurations (temperature settings) will also affect
the power consumption level. Thus, the model performance
degrades when encountering an unseen household.

In order to improve the performance on unseen households,
we observe that temporal information can help improve model
generalization ability. The active patterns of appliances are
similar across different households. For example, the mi-
crowave is more active during mealtime while the dishwasher
is usually run at night. By considering the temporal informa-
tion in the model design, we can identify the appliances’ states
more accurately. Furthermore, it can also help to identify key
moments when the power level (i.e., state) changes, so that we
can estimate power level more accurately. Unfortunately, most
state-of-the-art NILM models [5], [8], [9] do not explicitly
incorporate timestamps as model input.

Though some studies use RNN or Transformer architecture
to extract temporal information [14], [15], they primarily cap-
ture the trending patterns in time series data and extract tempo-
ral dependencies among samples, making them more suitable
for capturing global correlations and time dependencies. In our
NILM task, we are mainly concerned with the relationship
between time information at each specific time point and
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the corresponding electrical appliance power. Therefore, our
goal is to utilize CNN to identify the appliances’ ON/OFF
schedule across days through convolutional operations, aiming
to effectively capture local patterns at each time point and
more accurately model and extract information relevant to
specific moments.

In this paper, in order to enhance the model’s generalization
ability, we propose TimeNILM, which incorporates temporal-
domain information in NILM task. Different from existing
dual-CNN models, in TimeNILM, the classification subnet-
work takes time-domain information along with the aggre-
gated power level as the model input. To help the regression
subnetwork identify key moments when the power level will
change, the two subnetworks will perform feature fusion with
attention mechanism so that the regression subnetwork can
also benefit from the time-domain information. Furthermore,
we use Kullback-Leibler Divergence Loss (KLDivLoss) [16]
to minimize the feature distance between the source domain
and target domain. Through experiments conducted on the
REDD and UK-DALE datasets, we demonstrate that our
model improve MAE by 8% to 27% and SAEδ by 8% to 35%
in power prediction accuracy compared with state-of-the-art
models.

As the appliance active patterns and the users’ usage habits
are quite private and sensitive, users are reluctant to share
their household power consumption data. Thus, we also extend
TimeNILM to federated settings. We propose Fed-TimeNILM
to enable different clients to aggregately improve the classifi-
cation subnetwork while prevent the hetergenous power levels
from other clients degrading the performance of regression
subnetwork.

Our main contributions can be summarized as follows:
1) We incorporate the timestamp information into the dual-

CNN models for NILM, which can help the model
generalize to unseen households.

2) In the dual-CNN architecture, we employ the attention-
based feature fusion, which can avoid overfitting of
power level. We further extend TimeNILM to federated
settings, improving model generalization across multiple
households.

3) We demonstrate that our model outperforms state-of-
the-art models (8%-27% MAE gain and 8%-35% SAEδ

gains) with Raspberry Pi deployment, validating real-
time feasibility.

II. RELATED WORKS

[17] first proposed NILM, a method that estimates the
power usage of individual appliances based on the overall
household power consumption. The most commonly used
approach in NILM is the Hidden Markov Model (HMM) and
its variants. [18] utilized the sparsity of HMM to achieve
real-time non-intrusive load monitoring, employing the super-
state Hidden Markov Model and sparse Viterbi algorithm
for load monitoring. [19] used the Factorial Hidden Markov
Model (FHMM) to model multiple appliances and extended
the Viterbi algorithm with integer programming for optimal
allocation. [20] combined active and reactive power in the

Additive Factorial Hidden Markov Model (AFHMM) for non-
intrusive load monitoring.

In recent years, with the popularity of deep learning, a series
of new methods [21], [22] have been introduced to address
the NILM problem, mainly applied to low-frequency NILM
methods. Recurrent Neural Networks (RNNs) can leverage the
temporal dependencies of power signal, making them suitable
for NILM problems [23]. Convolutional Neural Networks
(CNNs) are popular deep learning models that have achieved
state-of-the-art performance in various tasks [24]–[27]. In the
NILM problem, various CNNs have been used for regression
and classification. [9] introduced the Sequence-to-Point model,
where the input is the aggregated power sequence and the
output is the midpoint in the sequence for the target appli-
ance. Inspired by the Sequence-to-Point model, [28] applied
pruning algorithms to reduce the number of weights, aiming to
reduce the parameter number without sacrificing performance,
making the model deployable on mobile devices. Inspired by
multi-task learning, [5] proposed the Subtask Gating Network
(SGN), which employs two subnetworks that simultaneously
perform regression and classification, allowing the neural net-
work to learn multiple tasks by combining the regression and
the classification output to construct the final representation.
[8] proposed the Multi-State Dual CNN (MSDC), which
considers multiple appliance states while utilizing CRF to
capture patterns of state transitions.

However, when encountering unseen households, the model
performance suffers. There are two possible reasons. On
one hand, state-of-the-art models [5], [8], [9] overlook the
timestamp information in the collected data and rely solely on
the aggregated power sequence to predict the per-appliance
power consumption. Without time-domain information, it is
hard for the knowledge that learned from the source domain
to transfer to the target domain. On the other hand, although
SGN and MSDC propose a dual-CNN architecture, they do
not further investigate the connection between the regression
subnetwork and the classification subnetwork.

In recent years, with the advancements in the field of deep
learning, federated learning (FL) has emerged to address data
privacy concerns. Federated learning is a distributed machine
learning technique that revolves around the idea of decentral-
ized model training across multiple data sources, each having
its own local dataset. It achieves the goal of data privacy
protection and collaborative computation by constructing a
global model based on virtual federated data, all without
the need to exchange individual or sample data [10], [11].
[12] introduced FedNILM, which employs FL to protect user
data privacy while achieving accurate personalized energy
disaggregation. Additionally, [13] proposed DPFL model for
training and testing NILM using FL, which exhibits greater
robustness in Federated Learning compared to other non-
privacy models.

III. PROBLEM FORMULATION

Given appliances in a household, we denote their aggregated
power consumption at time t by Xt. The task of NILM is
to infer the power consumption for individual appliance i
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TABLE I
SUMMARY OF NOTATIONS

Notation Description

Variables
t Time step index
Xt Aggregated power consumption at time t
xi
t Power consumption of appliance i at time t

ut Power consumption of unknown appliances at time t
ϵt Noise term at time t
τ Time-dimension input
M Number of appliance states
γ State classification threshold
yi,j Ground truth label indicating if i-th sample belongs to

state j
pi,j Predicted probability that i-th sample belongs to state j
yi Ground truth value for i-th training sample
ŷi Predicted value for i-th training sample
li, lo Input / Output sequence lengths

Model Inputs and Outputs
ŷreg , ŷcls Output of regression and classification subnetworks
xreg Input to the regression subnetwork: aggregated power
xcls Input to the classification subnetwork: concatenated

input of power and temporal data
fr , fc Feature vectors from regression/classification subnetwork
Wq , Wk, Wv Trainable parameters in attention mechanism
α Attention weight for feature fusion
ŷ Predicted power of the appliance
sm Predicted probability of being in state m
pm Predicted power level of state m
θreg , θcls Parameters of regression/classification subnetwork

Loss Functions
Lpower Power prediction loss (MSE)
Lstate State prediction loss (cross-entropy)
LKLDiv Kullback-Leibler divergence loss
Ltransfer Feature alignment loss
Lsimilarity Cosine similarity loss for federated learning
L1 Joint loss in training stage: Lpower + Lstate

L2 Retraining loss: Lpower only
L3 Transfer learning loss

Evaluation Metrics
MAE Mean Absolute Error
SAEδ Signal Aggregated Error over time period δ

(i = 1, ..., N ) at each time step, i.e., (xi
1, ..., x

i
t). Typically,

we are more interested in power-hungry appliances, which
consume the majority of energy. Thus, to make things easier,
we treat other appliances as unknown factors, and their power
consumption is denoted by U = (u1, ..., ut). At each time
step, Xt is the sum of individual appliances plus a noise term
ϵt, which can be represented as

Xt =

N∑
i=1

xi
t + ut + ϵt (1)

Similar to MSDC [8], we assume that home appliances have
multiple active states. Specifically, we first divide the states of
an appliance into ON/OFF states, representing whether the
appliance is turned on or off. Then, within the ON state,
we further divide the appliance into multiple active states,
corresponding to different levels of power consumption. To
facilitate understanding of the symbols used throughout this
paper, we summarize the notations in Table I.

IV. TIMENILM MODEL

A. Overview

As shown in Figure 1, We train a TimeNILM model for
each appliance, which consists of two subnetworks: a re-
gression subnetwork and a classification subnetwork. For
both subnetworks, the fundamental architecture comprises six
convolutional layers followed by two fully connected layers,
which are used to extract and integrate features before map-
ping them to the output. The regression subnetwork takes
aggregated power consumption as input and predicts the
appliance power consumption. The classification subnetwork
takes both temporal data and aggregated power data as input
and predicts the appliance state. We only incorporate temporal
data in the classification subnetwork, but not in the regression
subnetwork. This is because that although their state transitions
may exhibit certain similarities, the power level for the same
type of appliances (different manufacturers/models) may vary.
Therefore, incorporating temporal data into the regression
subnetwork may potentially compromise the model’s capacity
for generalization. For the regression subnetwork to better
take advantage of temporal data, after the model has been
trained for multiple epochs, we employ feature fusion based
on attention mechanism to transfer knowledge from the clas-
sification subnetwork to the regression subnetwork. It helps
the regression subnetwork to identify key moments (when
appliances have state transitions) while avoiding the overfitting
of power levels. In TimeNILM, the final predicted value is
the element-wise multiplication of the regression subnetwork
result and the classification subnetwork result.

B. The classification subnetwork

Figure 2 shows the active patterns of washing machines in
different households collected over 7 days. We can observe
that between 10:00am and 12:00am, the washing machines
are quite active. Similar observations can be found in other
appliances. It implies that, by considering the temporal domain
information in model design, the model can better generalize
to unseen households.

In the classification subnetwork, we utilize aggregated
power consumption and temporal data as inputs, and the
output is the appliance’s state probability distribution. The
classification subnetwork can be expressed as:

ŷcls = fcls(xcls; θcls) (2)

where fcls(· ; θcls) is the classification subnetwork parameter-
ized by θcls, xcls ∈ Rli×2 and ŷcls ∈ Rlo×M , with li is the
input sequence length, lo is the output sequence length and M
is the number of appliance states. In our experiments, we set
li = 432 and lo = 32.

As for the temporal data, the original format in the dataset
is timestamps. Considering the periodicity and continuity of
time, i.e., the 24th hour of the first day corresponds to 0th
hour of the next day, we use the sine function to represent
the time-domain information. Specifically, the time-dimension
input can be expressed as:

τ = sin(
2π(h · 3600 +m · 60 + s)

3600 · 24
) (3)
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Fig. 1. TimeNILM model architecture.

Fig. 2. The washing machine usage in different houses. The horizontal axis
represents hours in a day, and the vertical axis indicates the ratio of ON states
within the corresponding hour.

where h, m, and s represent the hour, minute, and second,
respectively. We are actually transforming the timestamps into
the angle of hour hand in the clocks, which are quite represen-
tative. Therefore, the input to the classification subnetwork is
a two-tuple item, the temporal data and the aggregated power.

C. The regression subnetwork

We use the aggregated power consumption as the input for the
regression subnetwork, and the output is the time-series of the
appliance’s power consumption. The regression subnetwork
can be expressed as:

ŷreg = freg(xreg; θreg) (4)

where freg(· ; θreg) is the regression subnetwork parameter-
ized by θreg , xreg ∈ Rli and ŷreg ∈ Rlo×M .

Fig. 3. The feature maps generated by the convolutional networks. The
topmost section represents the input and output, while the middle section
displays the feature maps in the regression subnetwork and the bottom
section depicts the feature maps in the classification subnetwork. The colorbar
accompanying the feature maps illustrates the weight of the features, with
lighter colors representing lower weights and darker colors representing higher
weights.

The regression subnetwork employs multiple layers of con-
volution to extract features from aggregated power consump-
tion, while the fully connected layers integrate these extracted
features and map them to the output.

D. Feature fusion and retraining

Figure 3 shows the feature maps extracted by the last convolu-
tional layer of the input data, including the feature maps of the
regression subnetwork and the classification subnetwork. For
each data sample, there are 50 corresponding feature weights,
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where brighter colors indicate larger weights. We observe
that when there is a significant change in power levels, some
features in both the regression subnetwork and the classifica-
tion subnetwork have larger weights. This suggests that both
subnetworks focus on the features of transition points, indi-
cating a certain degree of similarity in their attention patterns,
while the features in the classification subnetwork are more
obvious than the other. If we can leverage this information, it
can be helpful for power level predictions. As we mentioned
above, to avoid the regression subnetwork overfitting to the
source domain data, the regression subnetwork does not take
the time-domain information as model input. In order for the
regression subnetwork to better identify key moments (when
appliance switches states), we perform feature fusion between
two subnetworks.

We divide the model training into two stages: training stage
and retraining stage. In the training stage, we do not perform
feature fusion because the regression and classification sub-
networks both have weak feature extraction capabilities due
to a limited number of training iterations. After training for at
most 100 epochs with the early stopping strategy, we proceed
with the retraining stage. During this stage, we freeze the
parameters of classification subnetwork and retrain regression
subnetwork by integrating the data features extracted by the
classification subnetwork into regression subnetwork through
feature fusion based on attention mechanism. The objective of
attention mechanism is to identify features that are similar be-
tween both subnetworks and focus attention on these features.
Specifically, we consider the features of regression subnetwork
as query vectors and the features of classification subnetwork
as key vectors, then employ the additive attention mechanism
to calculate attention weight α and apply it to the features of
classification subnetwork, which can be expressed as:

α = Wv
⊤(Wqfr +Wkfc) (5)

fr = α · fc + fr (6)

where Wv , Wq and Wk are learnable parameters, fc is the
features of classification subnetwork and fr is the features of
regression subnetwork. The purpose is to enhance the feature
extraction capability of the regression subnetwork and improve
the prediction performance.

E. Prediction results

Assume that the appliance has M states. At each time step,
the output from the classification subnetwork is the probability
distribution over M states, i.e., (s1, s2, ..., sm); the output
from the regression subnetwork is the M power levels corre-
sponding to the M states, i.e., (p1, p2, ..., pm). Then, the pre-
dicted power of the appliance is the sum of the element-wise
multiplication of the power and the corresponding probability,
which can be expressed as the mathematical expectation:

ŷ =

M∑
m=1

sm · pm. (7)

F. Loss function

We use separate loss functions for the training stage and the
retraining stage. In the training stage, we use the following
loss function for joint optimization:

L1 = Lpower + Lstate. (8)

This loss function represents the sum of the power predic-
tion loss and the state prediction loss. For the power prediction
loss, we employ mean squared error (MSE) loss to compare
the difference between the final predicted value and the ground
truth. Assuming there are n training data, we use yi and ŷi to
represent the true value and the predicted value, respectively.
The power prediction loss incurred by the model over the n
training data can be defined as follows:

Lpower =
1

n

n∑
i=1

(yi − ŷi)
2. (9)

For the state prediction loss, we use cross-entropy loss to
compare the difference between the predicted states and the
actual states, which can be expressed as:

Lstate = − 1

n

n∑
i=1

M∑
j=1

yi,j log(pi,j), (10)

where yi,j denotes whether the ground truth of the i-th sample
is in the j-th state, and pi,j denotes the probability that the
model predicts the i-th sample to belong to the j-th state.

In the retraining stage, since we have frozen the parameters
of the classification subnetwork, we only optimize the power
prediction loss. Similar to the training stage, we employ MSE
loss to decrease the difference between the final predicted
value and the ground truth. Therefore, the loss function is
defined as:

L2 = Lpower. (11)

As we can see from Figure 2, although the active pattern of
washing machines is similar between 10:00am and 12:00am,
there are dissimilarities between 15:00 and 22:00 across the
two households. To improve the model generalization ability,
we apply KLDivLoss to both the classification subnetwork and
the regression subnetwork. KLDivLoss can be expressed as:

LKLDiv(ypred, ytrue) = ytrue · (log ytrue − log ypred), (12)

where ypred is the input and ytrue is the target. Specifically,
we perform training on the source domain Ds (labeled dataset)
and extract its features from the classification subnetwork (dcs)
and the regression subnetwork (drs). Simultaneously, we extract
the features of the target domain Dt (unlabeled dataset) using
the classification subnetwork (dct ) and the regression subnet-
work (drt ). Subsequently, we use KLDivLoss to minimize the
distances between dcs and dct , as well as between drs and drt ,
which can be expressed as

Ltransfer = LKLDiv(d
c
s, d

c
t) + LKLDiv(d

r
s, d

r
t ). (13)

Therefore, in the scenario of unsupervised transfer learning,
the loss function is defined as:

L3 = Lpower + Lstate + Ltransfer. (14)
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In summary, in TimeNILM, we enhance the classifica-
tion subnetwork’s state prediction by incorporating tempo-
ral domain information. After training both subnetworks for
multiple epochs, we retrain the regression subnetwork using
feature fusion based on attention mechanism to incorporate
information from the classification subnetwork. Finally, we
utilize KLDivLoss to align data representations from different
domains, leading to improvement of model performance on
unseen households.

G. Fed-TimeNILM: Extending TimeNILM to federated settings
As the appliance active patterns and the users’ usage

habits are quite private and sensitive, users are reluctant to
share their household power consumption data. Thus, we
extend TimeNILM to federated settings. Sharing knowledge
of the classification subnetwork might lead to performance
improvements since the usage patterns and state transitions
from the same appliance category could be similar across
different households. However, sharing knowledge of the
regression subnetwork may negatively impact performance,
as the same type of appliance from different manufactur-
ers/brands/models can demonstrate inconsistent power lev-
els. Thus, Fed-TimeNILM only performs knowledge sharing
among classification subnetworks.

The conventional federated aggregation methods present the
challenge that they disrupt the original connections between
the two subnetworks during the knowledge sharing process
among clients. This challenge arises because the parameters
of the regression subnetwork are frozen throughout the pro-
cess, while the parameters of the classification subnetwork
are updated. Consequently, this leads to a deviation in the
collaborative outcomes of the dual subnetworks.

To address the challenge, we assume that there is an
available dataset on the server (which could be open datasets
like REDD or UK-DALE). We aim to dynamically maintain
the connectivity of the two subnetworks by updating the
classification subnetworks in a federated manner while use
the server-side dataset to update the regression subnetwork.
Specifically, we employ cosine similarity loss to measure the
distance of classification subnetworks, it can be expressed as:

Lsimilarity = 1− A ·B
max(∥A∥2 · ∥B∥2 , ϵ)

(15)

where A and B are the classification subnetwork outputs of
different clients, enabling the sharing of client classification
subnetwork knowledge. Therefore, the loss function in feder-
ated settings is defined as:

L =

N∑
i

Li
power +

N∑
i

Li
state + Lsimilarity, (16)

where Li
power and Li

power are the power prediction loss and
state prediction loss of client i, respectively.

V. EXPERIMENTS

A. Datasets
We have evaluated the proposed method on two real-

world datasets, namely REDD [29] and UK-DALE [30]. The

REDD dataset consists of the aggregated power consumption
and individual appliance power consumption data from six
households in the United States. The power consumption
data for mains and appliances are recorded at intervals of 1
second and 3 seconds, respectively. The UK-DALE dataset
comprises the aggregated power consumption and individual
appliance power consumption data from five households in
the United Kingdom, with power consumption data for mains
and appliances recorded at 6-second intervals. We used the
interpolation method of backfill to fill in missing values in
each sequence. Considering the scenario of transfer learning
in real-world setting, we have trained and tested on separate
households. Moreover, we also included households from
different regions in the training set. Specifically, we used house
1 from the UK-DALE dataset, house 2 and house 3 from the
REDD dataset as the training set. House 2 from the UK-DALE
dataset and house 1 from the REDD dataset were used as the
test set. This approach aims to enable the model to learn useful
knowledge even from datasets in different regions and achieve
good prediction performance in a completely new household.
As the households come from different regions worldwide,
we adjust the timestamp information of the REDD dataset to
align it with UK-DALE dataset. Considering the appliances
commonly used in multiple households, we focused on four
main appliances: dishwasher, washing machine, microwave,
and fridge, which are consistent with previous works.

B. Data preprocessing
For the REDD and UK-DALE datasets, we performed

z-score normalization on the power readings. Let oi =
(oi1, o

i
2, ..., o

i
t) represent the state sequence of appliance i. To

make things simple, we assume that each appliance has three
states (oit ∈ {0, 1, 2}), which is consistent with our observation
of the data sets:

oit =

 0 xi
t < γ0

1 γ0 < xi
t < γ1

2 xi
t > γ1

(17)

where γ0 is the ON/OFF state threshold value and γ1 is the
state-switching threshold value. The value of γ1 is appliance-
dependent and determined by the state divisions identified
during K-Means clustering. For example, when microwave
power clusters yield intervals (15, 800) and (1000, 2000),
we set γ1 = 900 - the median between adjacent cluster
boundaries.

As for the labels of the classification subnetwork (i.e.,
appliance states), we distinguish between continuously-on ap-
pliances and non-continuously powered-on appliances. As for
the non-continuously powered-on appliances (e.g., dishwasher,
washing machine, and microwave), we first set the γ0 as 15
watts to separate the ON/OFF states of appliances. Then, we
employed the K-Means clustering algorithm [31] to further
divide the ON state of the appliance into different active levels.
As for continuously powered-on appliances (e.g., fridge), it can
skip the first step.

C. Baselines
We compare our model with three baselines:
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TABLE II
RESULTS FOR THE MEAN ABSOLUTE ERROR (MAE) (WATT) AND THE SIGNAL AGGREGATED ERROR OVER A TIME PERIOD OF δ (SAEδ ) IN REDD

DATASET. BEST RESULTS ARE SHOWN IN BOLD.

Model Dishwasher Washing machine Microwave Fridge Average Improvement
S2P 18.65/14.94 36.24/33.34 18.46/12.69 39.05/24.05 28.10/21.26 -/-
SGN 19.02/18.84 12.90/11.66 15.92/15.16 35.99/23.75 20.96/17.35 -/-
MSDC 19.43/19.32 13.12/11.61 13.42/12.81 37.60/23.21 20.89/16.74 0.00%/0.00%
TimeNILM 19.65/19.54 7.84/6.12 13.03/12.05 37.30/24.60 19.46/15.58 6.85%/6.93%
TimeNILM-FF 19.44/19.33 7.61/6.15 13.23/12.17 36.53/23.89 19.20/15.39 8.09%/8.06%
TimeNILM-FF-UTL 18.61/18.44 8.64/6.97 11.85/11.03 37.03/25.11 19.03/15.39 8.90%/8.06%

TABLE III
RESULTS FOR THE MEAN ABSOLUTE ERROR (MAE) (WATT) AND THE SIGNAL AGGREGATED ERROR OVER A TIME PERIOD OF δ (SAEδ ) IN UK-DALE

DATASET. BEST RESULTS ARE SHOWN IN BOLD.

Model Dishwasher Washing machine Microwave Fridge Average Improvement
S2P 34.36/27.89 17.80/16.75 15.73/11.45 28.34/20.38 24.06/19.12 -/-
SGN 17.59/14.31 17.39/16.72 8.83/6.66 14.09/8.94 14.48/11.66 -/-
MSDC 16.12/7.98 16.41/15.54 8.86/8.06 12.83/7.54 13.56/9.78 0.00%/0.00%
TimeNILM 14.12/6.58 8.28/6.68 8.74/7.94 13.88/8.32 11.26/7.38 16.96%/24.54%
TimeNILM-FF 13.44/7.34 7.51/5.79 8.70/7.91 13.53/7.94 10.80/7.25 20.35%/25.87%
TimeNILM-FF-UTL 11.76/5.61 7.84/6.02 9.22/7.58 10.61/6.01 9.86/6.31 27.29%/35.48%

• S2P [9]. S2P is a sequence-to-point model, where the
input is a window of the mains data, and the output is
a single point corresponding to the power consumption
level of the target appliance.

• SGN [5]. SGN introduces a dual-CNN architecture, with
a subnetwork for ON/OFF state classification and a
subnetwork for power level regression. Evaluation results
show that such a dual-CNN model fits the NILM problem
well.

• MSDC [8]. MSDC can be considered as the state-of-the-
art model. Instead of binary ON/OFF states in SGN, the
classification subnetwork in MSDC classifies the appli-
ance into multiple active levels. MSDC has demonstrated
superior performance than RNN and transformer-based
models, and thereby we have not compared TimeNILM
with them.

D. Training details and Evaluation metrics

The convolutional neural network was implemented in
Python with PyTorch 1.13.0 and trained on an NVIDIA
GeForce RTX 4090. Our model is trained with Adam opti-
mizer at a learning rate of 10−4. The early stopping strategy
is employed during the training process to prevent overfitting,
with the patience set to 5. The input data length is 432 and the
output data length is 32. We use the sliding window method
to process data, with a stride length of 200.

The mean absolute error (MAE) and the signal aggregated
error over a time period of δ (SAEδ) were used as evaluation
metrics. MAE is a commonly used measure for regression
problems, which quantifies the average absolute difference
between the predicted and actual power consumption of an
appliance. For appliance i, it can be expressed as:

MAEi =
1

T

T∑
t=1

|ŷit − yit| (18)

where T is the length of the predicted output sequence, ŷit is
the predicted value and yit is the ground truth.

SAEδ represents the average overall error within a time
period δ, taking the difference between the sum of aggregated
predicted value and the ground truth within the period. It
mainly focuses on the cumulative power consumption rather
than the instantaneous power consumption. For appliance i,
SAEδ can be expressed as:

SAEi
δ =

1

Tδ

Nδ∑
n=1

1

Nδ
|cin − rin| (19)

where Tδ is the duration of time periods, Nδ is the number
of data points in the time period δ, cin is the sum of predicted
value in the n-th period and rin is the sum of the groundtruth
value in the period:

cin =

Nδ∑
t=1

ŷiNδ·n+t, rin =

Nδ∑
t=1

yiNδ·n+t (20)

In our experiments, we set δ = 1 hour and Nδ = 450.

E. Performance

Table II and III show the comparison results of our methods
and baselines on the REDD and UK-DALE test sets. In our
methods, TimeNILM is trained by incorporating the tempo-
ral dimension, TimeNILM-FF retrains the TimeNILM with
feature fusion, and TimeNILM-FF-UTL is trained with the
additional KLDivLoss based on TimeNILM-FF. Independent
comparisons have been performed among these methods. In
both tables, bold font indicates the best-performing algorithm
for each appliance. Compared to the baseline, TimeNILM
achieved an average improvement of 8% in MAE and 8%
in SAEδ on the REDD test set, and an average improvement
of 27% in MAE and 35% in SAEδ on the UK-DALE test set.
This indicates that by incorporating the temporal dimension,
even data from different regions can be used to train a model
that performs well in unsupervised transfer learning scenario.
Furthermore, with the assistance of feature fusion, the features
from the classification subnetwork can enhance the feature
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Fig. 4. Some snippets of power prediction for four appliances in the UK-DALE dataset.

extraction capability of the regression subnetwork, thereby
improving prediction performance.

As shown in Figure 4, we present the visualized results
of power prediction for four appliances in the UK-DALE
dataset by different models within one time cycle. The left-
most column represents the mains input and the ground
truth of each appliance. The subsequent columns show the
differences between the prediction and the ground truth for
SGN, MSDC, and TimeNILM models. Among these models,
TimeNILM demonstrates the smallest prediction error. From
the observation in the figure, we notice that TimeNILM model
outperforms SGN and MSDC models in these appliances,
thereby proving its superiority in practical applications.

Furthermore, Table IV benchmarks computational complex-
ity across all baselines and TimeNILM. Unlike dual-CNN
architectures (SGN, MSDC, TimeNILM), S2P employs a
single regression network, reducing its complexity to 50% of
dual-subnetwork models. Among dual-CNN implementations,
TimeNILM matches SGN’s MFLOPS while significantly out-
performing it in prediction accuracy, demonstrating an optimal
efficiency-accuracy trade-off.

TABLE IV
THE COMPARISON OF COMPUTATIONAL COMPLEXITY

Model Computational Complexity (MFLOPS)
S2P 35.82
SGN 81.29

MSDC 97.59
TimeNILM 81.42

F. Ablation Experiment

In this subsection, we perform an ablation study. Since un-
supervised transfer based on the KLDivLoss is a well-known
technique, it has the potential to significantly enhance the
model performance. Therefore, we conduct the ablation exper-
iments considering KLDivLoss independently. We use MSDC
as the baseline in our ablation experiment, while MSDC-UTL
is trained with the additional KLDivLoss based on MSDC.
In Table V, we can observe that using the KLDivLoss alone
results in a performance decline. However, when the model,
which incorporates both the temporal dimension and feature
fusion, is further optimized with the KLDivLoss, there is
a substantial improvement. This indirectly demonstrates the
advantages of the temporal dimension in unsupervised transfer
scenarios.

G. Fed-TimeNILM

The performance with federated learning is shown in
Table VI, where TimeNILM-FF-UTL is the initial model,
TimeNILM-FF-UTL-FA is trained with the classical FedAvg
algorithm based on TimeNILM-FF-UTL, and TimeNILM-
FF-UTL-FL is trained with our proposed method based
on TimeNILM-FF-UTL. Compared to the initial model,
TimeNILM-FF-UTL-FL achieves 2%-9% MAE gain and 2%-
14% SAEδ gain. Therefore, the federated strategy of joint
learning and aggregation offers a novel solution for knowledge
sharing in federated learning. It not only enhances the overall
performance of the model but also fosters collaboration and
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TABLE V
RESULTS FOR ABLATION EXPERIMENTS IN REDD (TOP) AND UK-DALE (BOTTOM) DATASETS. USING KL-DIVERGENCE ALONE CANNOT BRING

PERFORMANCE GAIN.

Model Dishwasher Washing machine Microwave Fridge Average

MSDC 19.43/19.32 13.12/11.61 13.42/12.81 37.60/23.21 20.89/16.74
MSDC-UTL 23.61/23.19 19.20/13.54 14.62/13.25 45.35/18.33 25.70/17.08

Model Dishwasher Washing machine Microwave Fridge Average

MSDC 16.12/7.98 16.41/15.54 8.86/8.06 12.83/7.54 13.56/9.78
MSDC-UTL 22.21/11.51 25.87/25.04 13.07/11.15 20.55/6.48 20.43/13.55

TABLE VI
RESULTS FOR FED-TIMENILM ON REDD (TOP) AND UK-DALE (BOTTOM) DATASETS. WE PRESENT THE PERFORMANCE RESULTS FOR DIFFERENT

HOUSEHOLDS. BEST RESULTS ARE SHOWN IN BOLD.

Model Dishwasher Washing machine Microwave Fridge Average
TimeNILM-FF-UTL (REDD 1) 8.96/8.11 7.47/6.32 6.80/6.13 33.96/24.94 14.30/11.38
TimeNILM-FF-UTL-FA (REDD 1) 13.01/11.87 5.86/4.36 5.83/5.48 41.93/26.43 16.66/12.04
TimeNILM-FF-UTL-FL (REDD 1) 11.27/10.58 3.91/2.97 6.62/5.88 32.78/23.10 13.65/10.63
TimeNILM-FF-UTL (REDD 2) 33.55/33.67 20.33/18.88 18.74/17.34 39.58/26.62 28.05/24.13
TimeNILM-FF-UTL-FA (REDD 2) 31.28/31.46 30.26/23.77 19.65/18.58 39.08/21.09 30.07/23.73
TimeNILM-FF-UTL-FL (REDD 2) 33.99/34.12 13.92/12.83 18.90/17.90 41.39/29.66 27.05/23.63

Model Dishwasher Washing machine Microwave Fridge Average
TimeNILM-FF-UTL (UK-DALE 1) 16.00/13.57 8.84/6.66 9.59/7.29 9.74/6.20 11.04/8.43
TimeNILM-FF-UTL-FA (UK-DALE 1) 37.05/26.79 16.92/16.51 10.34/9.12 15.66/11.39 19.99/15.95
TimeNILM-FF-UTL-FL (UK-DALE 1) 16.33/10.18 5.99/4.23 8.49/7.34 12.37/8.47 10.80/7.56
TimeNILM-FF-UTL (UK-DALE 2) 24.08/21.63 8.28/5.29 8.90/7.93 10.81/6.41 13.02/10.32
TimeNILM-FF-UTL-FA (UK-DALE 2) 39.94/28.62 11.46/7.83 12.32/11.37 16.07/8.05 19.95/13.97
TimeNILM-FF-UTL-FL (UK-DALE 2) 15.86/13.99 8.99/5.37 8.83/8.19 13.59/7.83 11.82/8.85

TABLE VII
PERFORMANCE OF DIFFERENT QUANTIZATION SCHEMES

Scheme Model Inference MAE/SAE ∆MAE/∆SAEsize (MB) time (s)
Float32 254.0 0.104 15.320/5.882 0.000/0.000
Float16 127.0 0.110 15.325/5.881 0.005/0.001
Int8 63.6 0.049 15.549/6.135 0.229/0.253

knowledge dissemination among clients with enhanced data
privacy.

H. Deployment

In this subsection, we deploy the TimeNILM model on
resource-constrained edge devices. We choose the Raspberry
Pi 4 Model B as the hardware platform for deployment. Prior
to the actual deployment, we first convert the TimeNILM
model into the ONNX format, a cross-platform model rep-
resentation format. However, since the ONNX Runtime does
not support Float16 as the data type [32], we further convert
the ONNX format model into the tflite format. Subsequently,
we deploy the tflite format model on the Raspberry Pi 4 Model
B for real-time, low-latency inference.

In our experiments, we considered various quantization
schemes. The objective was to comprehensively understand
the impact of different quantization schemes on overall perfor-
mance, including model size, inference time, and performance
accuracy. By selecting appropriate quantization schemes, we
aimed to optimize the model to better align with the hardware
characteristics while maintaining model accuracy.

As shown in Table VII, we observe that, with the gradual
decrease in quantization precision from Float32 to Float16 and
then to Int8, the size of the model significantly decreases.
However, correspondingly, the model’s accuracy drop (includ-
ing ∆MAE and ∆SAE) in prediction tasks gradually increases.
This indicates a trade-off relationship between model size
and performance accuracy. Further analysis reveals that the
performance accuracy drop of Float16 is relatively small,
but when the quantization precision is set to Int8, the error
increases significantly. This may be attributed to the inability
of integer representation to fully capture minor variations
in model parameters, leading to a decrease in the model’s
sensitivity to input data.

In addition, regarding the inference time for each sam-
ple, we observe a significant decrease when the quantiza-
tion precision transitions from Float32 to Int8. However, the
inference time for Float16 slightly increases compared to
Float32. This could be attributed to the fact that, when running
the Float16 quantized model on the CPU of Raspberry Pi
4 Model B, the weight values are dequantized to Float32,
introducing additional computational costs in the process, and
thus prolonging the inference time. On the whole, regardless
of the quantization scheme employed, the inference times are
significantly shorter than the recording intervals. Therefore,
these models can support real-time inference.

VI. CONCLUSION

In this paper, we propose TimeNILM, a time-aware dual-
CNN architecture. By leveraging the similarity in appliance
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active schedules across different households, we propose the
integration of the temporal dimension into NILM, aiming to
capture the relationship between temporal data and appliance
states. We further design the feature fusion strategy based on
attention mechanism to enhance the prediction performance
of the regression subnetwork. To better adapt to unsupervised
transfer learning scenarios, we utilize KLDivLoss to minimize
the discrepancy between the features of existing household
data and unknown households. We combine the data from
different houses in the REDD and UK-DALE datasets as the
training set, while using unseen houses from two regions as
separate test sets. Evaluation results show that we can achieve
8% to 27% MAE improvement and 8% to 35% SAEδ im-
provement over state-of-the-art deep learning solutions. These
results demonstrate that the usage of temporal dimension and
the utilization of feature fusion provide promising directions
for enhancing the prediction performance of dual-CNN NILM.
Through extending TimeNILM to federated settings and em-
ploying a federated strategy of joint learning and aggregation,
we enhance NILM performance while protecting the data
privacy. Furthermore, we have successfully implemented the
TimeNILM model on a resource-limited edge device, demon-
strating that the model can perform real-time load monitoring
on the Raspberry Pi, thereby providing a viable solution for
real-world applications.
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