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Abstract

Accurate mid-term gas demand forecasting plays a crucial role for gas companies
and policymakers to achieve reliable gas supply plans, supply contracts man-
agement, and efficient operation to meet the increasing gas demand. However,
mid-term gas demand forecasting faces the problems of data paucity caused
by the low frequency of collecting monthly data and heterogeneous consump-
tion patterns of various usage categories. This paper proposes a novel Federated
Contrastive pretraining - Local Clustered Finetuning paradigm (FedCon-LCF)
by integrating federated learning, deep contrastive learning, and clustering ap-
proaches. The proposed method can utilize data from multiple gas companies to
overcome data paucity issues in a privacy-preserving way, and high-performance
forecasting can be achieved by local clustered regression considering the hetero-
geneous patterns. An improved hierarchical contrastive loss and multi-scale
regression loss are integrated to develop the Forecasting-Oriented Contrastive
Learning model (FOCL), which can effectively extract information and gen-
erate fine-grained representations of time series for accurate forecasting. The
proposed method is evaluated on a dataset collected from 11 gas companies in
11 different Chinese cities with a total of 17648 clients over 10 usage categories.
The proposed method outperforms the benchmark LSTM model with an aver-
age improvement of 25.30% in MSE and 16.52% in MAE for 3-month-ahead,
6-month-ahead, 9-month-ahead, and 12-month-ahead gas demand forecasting.

Keywords: Gas demand forecasting, federated learning, contrastive learning,
privacy-preserving, heterogeneous consumption patterns

1. Introduction

Natural gas is crucial in supplying global energy demands for power gener-
ation, residential and commercial heating, industrial manufacturing, and other

IThese authors contribute equally.
2Corresponding authors: lizengxiang@enn.cn, yiwang@eee.hku.hk

Preprint submitted to Applied Energy June 6, 2023



uses. The global natural gas demand grew 5.3% and made up 24% of all primary
energy in 2021 [I]. An increasing demand shows in emerging economies as they
grow and industrialize and underpinned by the continued coal-to-gas switching
practice [2]. Accurate gas demand forecasting is thus becoming increasingly
crucial for energy companies and policymakers to achieve reliable natural gas
supply plans, supply contracts management, efficient operation, and so on.
Natural gas demand forecasting has been studied for a long time. [3] and [4]
provided comprehensive reviews of natural gas demand forecasting from 1949
to 2015, covering forecasting methods, different forecasting horizons, data re-
sources, and applied fields. The history of natural gas demand forecasting has
been summed up in a more recent review [5], which divides it into the initial
stage, conventional stage, Al stage, and all-around stage. The forecasting of
gas demand can be classified into three categories, depending on the forecast-
ing horizons: short-term forecasting (for hours to days), mid-term forecasting
(for months to a year), and long-term forecasting (several years ahead). The
field of short-term forecasting is the one that is growing the fastest, with re-
search in this area increasing from 25% to 75% during the forecasting history.
With the improvement of computing capabilities and the availability of larger
daily gas consumption datasets, many effective methods have been proposed
for short-term gas demand forecasting. [6] forecasted the residential natural
gas demand up to 60 hours into the future and compared the performance of
linear regression, kernel machine, and artificial neural network (RNN) methods.
They found the recurrent neural network with the most accurate results. [7]
proposed a hybrid method that integrates wavelet transform technique, multi-
layer bi-direction long short-term memory neural network (LSTM), and genetic
algorithm for hourly gas demand forecasting. [8] proposed an improved singular
spectrum analysis approach and combined it with the LSTM model for the daily
gas demand forecasts of London, Hong Kong, Melbourne, and Karditsa. [9] pro-
posed to utilize empirical mode decomposition, correlation fusion, and ensemble
learning techniques for day-ahead city natural gas demand forecasting. They
selected the base-learners LSTM, support vector regression, Bayes regression,
and gradient boosting, and used light GBM as the meta-learner. [10] investigated
the combination of functional autoregressive and convolutional neural network
models for high-resolution day-ahead gas demand forecasting in German.
Compared to short-term gas demand forecasting, the research on mid-term
gas demand forecasting is far more limited, which only accounts for 8% of all
forecasting-related works [5]. Mid-term gas demand forecasting is more chal-
lenging than short-term forecasting because of increased uncertainty, seasonal
variations, and long-term trends. The existing works on mid-term gas demand
forecasting mainly focus on machine-learning-based methods. [11] compared the
effectiveness of extreme learning machine methods, artificial neural networks,
and genetic programming for residential monthly gas demand forecasting in Iran.
[12] proposed to combine support vector machine models with discrete wavelet
transform methods and achieved better performance than artificial neural net-
works and genetic programming. [13] showed that the support vector regression
model with polynomial cubic kernel function can accomplish effective monthly



gas demand forecasting. [I4] proposed an approach that integrates wavelet
transform, sparse autoencoder, and LSTM to predict the difference between
monthly gas supply and demand in the U.S.

Despite the above works, effective methods that utilize advanced deep learning-
based techniques for mid-term gas demand forecasting are still lacking. Recently,
a novel self-supervised paradigm known as contrastive learning is proposed, and
it offers the advantages of (1) greater exploitation of data and (2) the capabil-
ity to incorporate deep learning models to efficiently extract information from
time series. Different from the conventional end-to-end forecasting methods
that directly model the relationship between input covariates and the forecast-
ing targets, some works propose to first utilize a contrastive learning method
for learning time series representations, followed by a simple finetuning step to
achieve accurate forecasting. For example, [I5] developed a hierarchical con-
trasting approach to enable the deep learning-based encoder to learn different
semantic levels of time series representations and showed state-of-the-art fore-
casting performance. Therefore, we are inspired by this work to take advantage
of contrastive learning and design an effective approach for mid-term gas de-
mand forecasting.

Different from short-term gas demand forecasting where a large number of
daily gas consumption data can be collected, mid-term gas demand forecasting
faces severe data paucity problems subject to low collecting frequency. This
results in the historical monthly gas consumption dataset being very limited
and insufficient to construct a powerful deep learning-based model. One possi-
ble way to address this issue is to collect monthly gas data from multiple gas
companies to collaboratively train the high-performance deep learning model.
However, such gas consumption data may reveal consumers’ operation and busi-
ness confidential information, thus gas companies may be unwilling to release
their owned data in practice. The federated learning paradigm proposed in
[16] provides solutions to this problem, which enables several clients to jointly
train a global model without sharing the local raw data. It has already shown
promising applications in the energy sectors for electricity forecasting. [I7] in-
vestigated the combination of federated learning with differential privacy and
secure aggregation techniques to achieve privacy-preserving residential electric-
ity load short-term forecasting. [I8] proposed a dynamical clustering federated
learning approach to accomplish few-shot energy forecasting for buildings with
heterogeneous data. [I9] proposed to integrate federated learning with deep
reinforcement learning for ultra short-term wind power forecasting. Motivated
by these works, we would like to leverage the strength of federated learning to
address the severe data paucity problem in mid-term gas demand forecasting.

Another significant challenge to be addressed in mid-term gas demand fore-
casting is the varied patterns of gas usage. [§] evaluated their proposed fore-
casting method for four cities, and it was found that the forecasting accuracy
is correlated with climatic zone-specific patterns of gas consumption. [9] also
pointed out that it is a challenge for a single model to achieve accurate fore-
casting on ten cities with diverse consumption patterns.

In order to achieve effective mid-term gas demand forecasting with the chal-



lenges of data paucity and heterogeneous consumption patterns, we propose a
novel method by integrating federated learning, contrastive learning, and clus-
tering approach. To sum up, the contributions of this paper are threefold:

1. New paradigm: Propose a novel Federated Contrastive pretraining -
Local Clustered Finetuning paradigm (FedCon-LCF) for mid-term gas
demand forecasting. The proposed approach can effectively address the
severe data scarcity problem in mid-term forecasting tasks by utilizing
multiple data resources in a privacy-preserving manner for representa-
tion extraction. It achieves high-accuracy forecasting by local clustered
regression that takes the heterogeneous consumption patterns into consid-
eration.

2. New method: Develop a Forecasting-Oriented Contrastive Learning
model (FOCL) by integrating an improved hierarchical contrastive loss
with multi-scale regression loss for model training. Different from tra-
ditional end-to-end forecasting models, the proposed model can gener-
ate fine-grained representations of any granularity for the temporal data,
which enables better regression for mid-term gas demand forecasting.

3. New findings: Conduct extensive experiments on monthly gas demand
data that has been collected from real-world industrial companies. The
proposed FedCon-LCF method is found to make better use of data re-
sources of multiple gas companies than the conventional end-to-end fore-
casting methods and exhibits more dominant advantages for longer-term
forecasting. The proposed FedCon-LCF method can achieve comparable
performance to centralized methods and show robustness for different fore-
casting ranges under the situation of heterogeneous consumption patterns.
The experimental results show that the proposed FedCon-LCF method
outperforms the benchmark local LSTM with an average improvement of
25.30% in MSE and 16.52% in MAE on nine companies including 413
clients over 5 different gas usage categories.

The rest of the paper is structured as follows. Section [2| defines the prob-
lems to be solved for mid-term gas demand forecasting. Section [3] elaborates
on the methodologies, including the overall framework and implementation de-
tails. Section [4] reports experimental results and analysis. Section [5] draws the
conclusions.

2. Problem Statement

The problem can be shown as Fig. Consider there are several compa-
nies in different cities, which provide gas supply to the clients they serve and
collect data from these clients. These gas companies need to conduct accurate
mid-term gas demand forecasting in order to design better supply and delivery
plans. For example, one gas company owns clients’ gas consumption time series



Gas Company

Boa

Domestic Commercial Industrial

e

Mid-term gas demand forecasting 7,,.., = /(x,)

X, = {X x,J,"'{,Z’”"'xl_[} Y VidasL

i1-T+1°

Demand \/\/\/-

=T+l

. S

~F -

t+L
Month

Challenges:
» Limited monthly gas consumption data
» Diverse gas consumption patterns

Figure 1: Problems that the gas company faces in mid-term gas demand forecasting.

data, where each time series x; = {&; y—7r41,Tit—742, -+ ,Ti ¢} contains T his-
torical monthly gas consumption records. The company aims to construct the
forecasting model f to achieve multi-step forecasting g; +.+41 of gas demand in
the next L months §; yvr = f (z4)-

However, there are mainly two problems in achieving the goals. One is
that each company owns very limited data, considering that one client only
generates 12 monthly data points in a year and data is collected from recent years
subjected to the implementation of the measurement devices. The advanced
deep learning-based forecasting models face high over-fitting risks and even fail
to be trained by these scarce data. In addition, because of the competitive
relationship among companies as well as the data privacy protection regulations,
the raw data from different sites can not be directly gathered. The other problem
is that clients of different gas usage types, including domestic usage, industrial
usage, commercial usage, and so on, may have diverse gas consumption patterns
and call for forecasting methods considering such heterogeneity. In conclusion, it
is necessary to design effective forecasting methods that consider data shortage
and complex consumption pattern problems.
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Figure 2: The structure of the proposed FOCL model, including data augmentation method,
encoder structure, and loss function.

3. Proposed Method

This section will first introduce the forecasting-oriented contrastive learn-
ing algorithm. Then, the local clustered regression method will be described.
Finally, the overall algorithm for the proposed paradigm will be demonstrated.

3.1. Forecasting-Oriented Contrastive Learning

A crucial issue for accurate forecasting is how to extract information from
time series and create useful representations. [I5] proposed a contrastive learning-
based universal framework to learn time series representations, which shows
great effectiveness for the downstream tasks. Inspired by this, we propose
a FOCL model and demonstrate its structure as Fig. The goal of the
FOCL model is to learn the mapping function R = My (X), where My de-
notes the function parameterized by €. The input time series dataset X =

{21,%9,...,2N} contains total N time series, and each time series z; € RT*!
has T timestamps x;;, where each timestamps x;; is 1 dimensional. The out-
put R = {ry,ra,...,rn} is the extracted high-dimensional representation of the

corresponding time series, where each timestamps r; ; has K dimensions. By the
FOCL model, the original input time series can be mapped to the informative
representations to improve the performance of downstream forecasting tasks.

The details of the proposed FOCL, including the data augmentation method,
encoder architecture, and loss functions are introduced as follows:



8.1.1. Data Augmentation

The proposed FOCL model is a contrastive learning paradigm, where data
augmentation is a crucial step that enables the model to learn from positive
and negative pairs of augmented data. Specifically, we utilize random cropping
as the augmentation method. Two augmented samples are created from the
input time series x; by randomly sampling two overlapping sub-series, with the
timestamps in the overlapped area denoted as set 2. When two augmented
versions of the original time series are input, a well-trained FOCL model should
keep representation consistent on the overlapped set 2.

8.1.2. Encoder Structure

The mapping from the original texts to the representations is accomplished
by the encoder, we adopt the structure in [15] which is consist of three com-
ponents, namely input projection, random masking, and dilated convolution.
Firstly, the input is mapped to high-dimensional latent space by the projection
layer. Then, the latent vector will be masked by a random binary mask on each
timestamp. Such timestamp masking procedure will improve the robustness of
the model by keeping the representation consistency between the masked and
unmasked samples. Finally, the dilated convolution module, which contains six
one-dimensional convolution blocks, extracts information from the latent vectors
and maps to the output representations.

3.1.3. Loss Functions
Different from the original TS2Vec approach [15], we design a forecasting-
oriented contrastive loss function, which is the combination of improved hierar-
chical contrastive loss Lo, and multi-scale regression loss L., balanced by a
hyperparameter A:
L=1=XNLeon+ ALlreg (1)

Improved Hierarchical Contrastive Loss: The hierarchical contrastive
loss Lcon is constructed from D hierarchies to guide the encoder generating
comprehensive representations of time series, which can be formulated as:

1 d
Leon = 5 ; ‘Ccon (2)

where the total number of hierarchies is D = argmaxy (Qd < T); £ de-
notes the contrasting loss in d-th hierarchy, which is consist of temporal con-
trasting loss fiemp, and instance contrasting loss f;,s. Denote r and ' as
the representations from two augmentations of the original input. These two
representations are contrasted with each other at hierarchical levels, where
r¢ = MaxPoolld(r, kernel size = 2¢) denotes representations in d-th hierarchy.

The £¢  can be defined as:

£ = LSS (50, (+4.0) + 450 (2, 17%)) 3)
i t



where (%) denotes the loss computed for the t-th timestamp of the i-th input
time series.

When computing the contrasting loss, the previous work ignores the se-
mantic similarity of samples. However, the timestamps of gas demand time
series may have correlations with each other because of temporal closeness,
periodicity, and similar industry characteristics. Neglecting such similarity in
constructing negative sample pairs may mislead representation learning [20].
Therefore, we propose to filter out similar representations from negative pairs
by threshold o. Specifically, we define a subset of the overlapped set 2 that
QO = {t'|t/ #t,a(rit,miv) < o} when calculating Egé’tm)p, where « (-, -) denotes
the cosine similarity. And set ¥ := {j|j # i, (ri¢,75+) < 0,0 < j < B}, where
B is the batch size. We consider the representations for the same timestamp
as positive pairs and representations of different timestamps with similarity less
than the threshold as negative pairs. Then the loss for temporal contrasting
and instance contrasting can be defined as follows:

exp (Ti,t . Tg’t)

o4 = o 4
e = O e (e i) + 5 exp (i) W
t' e’

; exp (rie -1,
linet = —log s 7i) (5)

exp (rie - 7i,) + 2 exp(rig 1)
jeT

The overall contrastive loss incorporates the above loss in a hierarchical man-
ner, allowing the model to learn from both temporal dynamic properties and
user-specific characteristics and generate fine-grained representations in arbi-
trary resolution.

Multi-Scale Regression Loss: As the contrastive loss enables the model
to learn from the time series but regardless of the downstream tasks, we pro-
pose to integrate a multi-scale regression loss for the generation of forecasting-
oriented representations. Consider a total of M regressors f (-) that map the
representations to different forecasting ranges. The Ls-norm loss will be com-
puted for each regressor, and the average loss is defined as the multi-scale re-
gression loss:

1
»Creg = Mzm:g(‘)qu (R)) (6)

In the task of mid-term gas demand forecasting, we calculate the multi-scale
regression loss that involves 3-month-ahead, 6-month-ahead, 9-month-ahead,
and 12-month-ahead forecasting. In this way, the model can generate repre-
sentations that account for forecasting and improve the performance of the
downstream tasks.

8.2. Local Clustered Regression

Based on the learned representations, the downstream forecasting tasks can
be accomplished by linear regression models. However, the gas company can



not construct models for every single client because each client has fewer than
a hundred data points, which are insufficient to fit monthly forecasting models.
In addition, the gas consumption patterns of different usage types are diverse.
As a result, it is also inappropriate to construct one general regression model
for all clients regardless of their heterogeneous behaviors. A compromise ap-
proach to solving this problem is to cluster the clients and treat each cluster
separately. An intuitive way is to conduct clustering according to the raw time
series profiles [21]. Recently, some studies show a more effective way to conduct
clustering according to the extracted features or representations from the time
series [22][23][24]. Inspired by these works, we suggest the company first con-
struct client clusters according to the client-level representation similarity, then
fit a regression model for each client cluster.

The company generates client-level representation for each serving client as
MaxPoolld(r;, kenerl size = |r;|), and constructs clients cluster set C as follows:

K
. k112
— 7
arg(cmln E E ||7‘ T || (7)

k=1reCk

where CF is the k-th cluster with client representation centroid #* = ﬁ D oreck T
Then the clustered regression can be achieved by the ordinary least squares
approach with k-th cluster representation set R(k) and forecasting target Y (k):

~ -1
Br=[RERe] RLYy,Vk (8)

8.8. Full FedCon-LCF Algorithm

In this subsection, we introduce the full algorithm of the proposed FedCon-
LCF paradigm that provides insights for mid-term gas demand forecasting,
which can be seen in Fig. [3]

The majority of present federated forecasting methods directly model the
relationship between covariates and the forecasting target, which may suffer
performance degradation caused by the distribution heterogeneity. In contrast
to these works, we propose a novel paradigm that first performs federated con-
trastive learning to jointly construct an encoder to extract informative repre-
sentations from the time series, followed by local finetuning of the downstream
forecasting through clustered regression that takes into account the heteroge-
neous consumption patterns. Our approach can provide four main advantages:
(1) The federated scheme can effectively address the issue of data scarcity in
mid-term gas demand forecasting and ensure privacy preservation by removing
the requirement for each company to upload its raw data. (2) The collaborative
construction of an encoder, as opposed to a forecasting model, is more resistant
to the problem of heterogeneous data distribution, because the encoder focuses
more on capturing the characteristics of the time series itself which will be less
affected by the heterogeneous conditional probability distributions of covariates
and targets from various companies. (3) The self-supervised contrastive learn-
ing approach has the potential to maximize the value of data by better utilizing
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Figure 3: The proposed federated contrastive pretraining - local clustered finetuning paradigm.

it. The generated fine-grained representations lay the foundation for the im-
provement of downstream forecasting tasks. (4) The local clustered regression
approach can handle the heterogeneous consumption patterns by achieving a
good balance between building one model for all clients and one model for each
individual client.

The implementation of the proposed FedCon-LCF model can be summarized
as Algorithm [I] Assume there exist G gas companies, denoted as set G, that
serve clients from different industries and collect data from them. Define the
federated global communication round as Fgopai, local model updating epoch
as Fjocql, and learning rate n. Firstly, the federated contrastive pretraining is
conducted among several gas companies. In each communication round, the
gas company computes the hierarchical contrastive loss and multi-scale regres-
sion loss to update the encoder with local data and returns the updated local
encoder to the trustful server. The server aggregates the model from all the
gas companies to update the global encoder and redistributes it to companies.
The federated training process will be stopped until the model converges. The
global encoder is then capable of generating fine-grained representations with
raw time series input. Based on the trained encoder, the gas company can
transform the served clients’ data into both client-level and timestamp-level
representations. According to the similarity of the client-level representations,
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Algorithm 1: FedCon-LCF
1 function FedCon-LCF(n, Egiopai; Eiocar, G, M):

2 Initialize: M « 6g;

3 Federated Contrastive Pretraining:

4 for each global round e € Egjopq; do

5 for each gas company g € G do

6 for each local update epoch | € Ejpeq; do

7 Generate representation: Ry + Mg (Xy) ;
8 Compute integrated loss: £ = Leon + ALreg ;
9 Update local encoder M, : 0, < 0, — VoL (64, R,) ;
10 Return 6, to Server ;
11 Model Aggregate: 6 = %Hg;i
12 | Parameters Distribute: G « 0,
13 Local Clustered Finetuning:
14 for each gas company g € G do
15 Generate client-level representation:

MaxPoolld (M (X,) , kernel_size = |r|);
16 Cluster based on representations:
K
Cy <—argmin ). > Hr — F’;HQ;
C_q k=1 T‘GC;”'
17 for each client group CZj € C, do
~ -1
18 L B = [RETRE] RETY

the clients can be divided into different clusters. The company can then utilize
the timestamp-level representations to fit regression models of different ranges
to achieve mid-term gas demand forecasting.

The majority of the computation time required to implement Algorithm
is taken up by the federated contrastive pretraining process, which is affected
by the number of federated communication rounds Fgjopar, the number of lo-
cal training epochs FEj,cq;, and the size of the local training data from various
companies. The federated training time is proportional to Egopqi, and the time
of each round is proportional to the local model updating time. The company
with the most training data that causes the longest local training time will
determine the computation time for each round because the model aggrega-
tion in each round can only be carried out when all local models have finished
updating. To this end, the time complexity of the proposed algorithm can be
presented as O(Egiobai - (Elocal - Nmaz)), where Ny, q, denotes the largest number
of companies’ local data.

11



Table 1: The Statistics of the Gas Consumers

Categories Usage Types Total Clients Number

Domestic usage
Residential cooking stove
Domestic Heating boilers 10051
Residential water heaters

Residential heating furnace

Industrial usage
) Direct-fired absorption chiller
Industrial 5771
Industrial and commercial steam

Industrial manufacturing

Commercial Commercial usage 1826

4. Case Studies

In this section, we conduct mid-term gas demand forecasting experiments
using a dataset collected from real-world gas companies to evaluate the effective-
ness of the proposed method. Detailed experiment setups, experimental results,
and relative analysis and discussion will be provided.

4.1. Experimental Setups
4.1.1. Data Description and Exploratory Analysis

The dataset used in this work is collected from 11 gas companies in 11
different Chinese cities and contains data from a total of 17648 clients of 3
categories with 10 usage types. 17235 of these clients have monthly gas data
with a five-year range, and 413 of them have data with a 9-year range. Table.
displays the statistics of the data with three main categories and a total of ten
usage types.

The 413 clients with 9-year range data are served by 9 different gas compa-
nies, and we choose the last two years of the whole nine years as the test set.
The rest seven years’ data of these 413 clients and all of 17235 clients’ data
is used for model training and validation. The representation encoder for the
TS2Vec, FOCL, and FedCon-LCF approach is trained using 17235 clients’ five
years data, while the downstream regression model is fitted using 413 clients’
first seven years’ data.

4.1.2. Model Settings

We provide the details of the benchmark model and the proposed model as
follows.

As the long short-term memory neural network (LSTM) shows great abil-
ity in capturing time-series characteristics [25], we choose it as the benchmark
stands for the end-to-end forecasting model to compare with the proposed
method. The local benchmark LSTM model is built with three LSTM lay-
ers for feature extraction, and one dense layer as the output layer, where the

12



number of hidden units is set to 16. The selected number of hidden units and
layers in the network is relatively small in order to prevent over-fitting to local’s
limited data. We construct the federated version of LSTM (FedLSTM) and
train it with the FedAvg [16] protocol. We also include a recently developed
clustering-based federated model called IFCA for comparison [26]. Besides, we
compare our model with the original T'S2Vec that employs the paradigm of first
representation learning, followed by downstream forecasting, and we reconstruct
the original TS2Vec model with the same settings as [15].

For the proposed FOCL model, we construct it with a dense layer for input
projection, a random masking layer with 50% mask probability on each unit
of timestamp, and six sequentially connected convolutional blocks with two 1-
D convolutional layers and one residual block contained in each block. We
examine in the experiment that the 10 hidden units for each layer in the model,
and output representations with dimension 32 are effective for the downstream
forecasting task. We set the threshold o of 0.9 for the negative pairs filtering.
The coefficient A that balances the improved hierarchical contrastive loss and
the multi-scale regression loss is set to the default 0.5. When conducting the
full algorithm of FedCon-LCF, the local representation clustering is achieved by
the K-means++ algorithm [27], and the number of clusters is decided based on
the performance on the validation set. According to the experimental results,
constructing two to three client clusters for each gas company is enough to
account for the heterogeneous consumption patterns problem.

All the models are trained with the Adam optimizer with a learning rate of
0.001. In order to prevent the over-fitting problem during the training process,
the dropout with 0.1 probability is adopted.

4.1.8. Ewvaluation Metrics
Mean absolute error (MAE) and mean squared error (MSE) are selected as
metrics to evaluate the performance of the model forecasting:

I _
MAE = EZIyz—yz\ (9)
i=1

1« 2
MSE = — i — Ui 10
PIUNED (10)
The model will be evaluated with these metrics for each gas company, as
well as different gas demand forecasting ranges.

4.2. Results Analysis and Discussion

In this section, we compare the models for three different settings: local,
federated, and centralized. The data are used in different ways for training
these three types of models. With the local and federated settings, where pri-
vacy is maintained, the gas company will not disclose the local raw data. Each
gas company only uses the serving clients’ data for training the local model.

13



Table 2: Comparison of Model Performance for 3-Month-Ahead Forecasting

Local Model

Federated Model

Centralized Model

Company No. LSTM TS2Vec FOCL Fed LSTM IFCA FedCon-LCF LSTM FOCL

MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE

1 0.0288  0.1189 | 0.0262  0.113 0.0258  0.1134 0.028 0.1235 | 0.0263  0.1189 | 0.0249 0.11 0.0274  0.1173 | 0.0245 0.1093

2 0.0428 0.16 0.0349  0.1434 | 0.0339  0.1416 | 0.0426  0.1484 | 0.0423  0.1472 | 0.0332 0.139 | 0.0418 0.1485 | 0.0322 0.1373

3 0.0334 0.1344 | 0.0314 0.1285 | 0.0305 0.1258 | 0.0326 ~ 0.1326 | 0.0311  0.1288 | 0.0307 0.1255 | 0.0315 0.1256 | 0.0299 0.1243

4 0.0319  0.1265 | 0.0341  0.1359 | 0.0375 0.14 0.0309 0.1232 | 0.0299 0.1289 | 0.0315  0.1289 | 0.0303 0.1274 | 0.033  0.1324

5 0.0343  0.1335 | 0.028  0.1196 0.027 0.117 | 0.0325 0.1216 | 0.0331  0.1218 | 0.0257 0.1155 | 0.0323  0.1244 | 0.0253 0.1146

6 0.0397  0.1347 | 0.0305 0.1257 | 0.0304  0.1244 | 0.0394  0.1384 0.038 0.1354 | 0.0301 0.1236 | 0.0388 0.1355 | 0.0305 0.1251

7 0.0401  0.1423 | 0.0398  0.1435 | 0.0395  0.1403 | 0.0395  0.1395 0.039 0.139 | 0.0376 0.1365 | 0.0375 0.1399 | 0.0387 0.1415

8 0.0332  0.1352 | 0.0297 0.1212 | 0.0298 0.1194 | 0.0313 0.116 | 0.0308 0.1232 | 0.0286 0.1187 | 0.0284 0.1214 | 0.027  0.1179

9 0.04 0.1461 | 0.0325 0.1333 | 0.0315 0.1298 | 0.0376  0.1366 | 0.0363  0.1351 | 0.0315 0.1307 | 0.0363 0.1381 | 0.0308 0.1287
Average 0.0343  0.134 | 0.0307 0.1263 | 0.0302  0.1247 | 0.0333 0.13 0.0341  0.1309 | 0.0294  0.1227 | 0.0322  0.1275 | 0.0289 0.1223

Table 3: Comparison of Model Performance for 6-Month-Ahead Forecasting

Local Model

Federated Model

Centralized Model

Company No. LSTM TS2Vec FOCL Fed LSTM IFCA FedCon-LCF LSTM FOCL

MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE

1 0.0353  0.1418 0.028 0.1198 | 0.0278  0.1206 | 0.0359  0.1444 | 0.0328 0.3175 | 0.0272 0.1174 | 0.0347 0.135 0.0268  0.1172

2 0.0596  0.1975 | 0.0399  0.1573 | 0.0368 0.1515 | 0.0613 0.1973 | 0.058  0.1803 | 0.0375 0.1508 | 0.0548 0.1768 | 0.0353  0.1482

3 0.038 0.1475 | 0.0314  0.1316 0.031 0.1306 | 0.0386 0.1518 | 0.0372 0.1411 | 0.0306 0.1289 | 0.0379  0.1445 | 0.0297  0.127

4 0.0359  0.1434 | 0.0332  0.1375 | 0.0361  0.1406 | 0.0384 0.1484 | 0.0371 0.1402 | 0.0326 0.1336 | 0.0389 0.1433 | 0.0321 0.1338

5 0.0436  0.1631 0.029 0.124 0.0278  0.1207 | 0.0393  0.1535 | 0.0377 0.1488 | 0.0263 0.1193 0.04 0.1467 | 0.0259  0.1176

6 0.0655  0.2028 | 0.0345 0.1375 | 0.0346  0.1372 | 0.0504 0.1652 | 0.0468 0.1528 | 0.0341 0.1367 | 0.0526 0.1744 | 0.0343  0.1369

7 0.0641  0.2048 | 0.0384  0.1452 | 0.0391 0.1453 | 0.0509 0.168 0.0452 0.159 | 0.0379 0.1423 | 0.0502 0.1669 | 0.0383  0.1447

8 0.0388  0.1556 | 0.0287 0.1215 | 0.0291 0.1206 | 0.0362 0.1402 | 0.032  0.1329 | 0.0282 0.1211 | 0.0356 0.1354 | 0.0271  0.1197

9 0.0775  0.2302 0.038 0.1457 | 0.0369 0.1418 | 0.0601  0.1917 | 0.0426 0.1662 | 0.0366  0.1419 | 0.0529  0.1704 0.036 0.1409
Average 0.0459  0.1654 | 0.0321  0.1321 | 0.0317  0.131 | 0.0429 0.1582 | 0.0410 0.1710 | 0.031 0.129 | 0.0413  0.1492 | 0.0303 0.1281

Table 4: Comparison of Model Performance for 9-Month-Ahead Forecasting

Local Model

Federated Model

Centralized Model

Company No. LSTM TS2Vec FOCL Fed LSTM IFCA FedCon-LCF LSTM FOCL

MSE MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE

1 0.0417 01575 | 0.0305 0.1269 | 0.0303 0.1273 | 0.0416 0.1572 | 0.0375  0.148 | 0.0298 0.1245 | 0.0403 0.1535 | 0.0295 0.1251

2 0.0554  0.1897 | 0.0437 0.1671 | 0.0413 0.1632 | 0.0695 0.2109 | 0.0603  0.1913 | 0.0409 0.1607 | 0.0519 0.1753 | 0.0399 0.1605

3 0.0369 0.1446 | 0.0333 0.1381 | 0.0322 0.1354 | 0.0374 0.1486 | 0.0351  0.1457 | 0.0319 0.1338 | 0.0367 0.1453 | 0.0312 0.1325

4 0.0388  0.1525 | 0.0345 0.1422 | 0.0361 0.1426 | 0.039  0.154 | 0.031  0.1452 | 0.0343 0.1386 | 0.038 0.1501 | 0.0327 0.1372

5 0.0469  0.174 | 0.0321 0.1324 | 0.0204 0.1259 | 0.0401 0.1576 | 0.0367 0.1442 | 0.0284 0.1251 | 0.04  0.1523 | 0.028 0.1245

6 0.0486  0.1675 | 0.0389  0.1468 | 0.0394 0.1473 | 0.0461 0.1549 | 0.0385 0.1457 | 0.0388  0.1468 | 0.0446 0.1558 | 0.0386 0.1458

7 0.0486  0.1691 | 0.0407 0.1506 | 0.0411 0.1516 | 0.0478 0.1604 | 0.0417  0.1525 | 0.0397 0.148 | 0.0473 0.1613 | 0.0394 0.1486

8 0.0371  0.1455 | 0.0297 0.1245 | 0.0306 0.1234 | 0.0357 0.1418 | 0.0316  0.1266 | 0.0299 0.1251 | 0.0375 0.1464 | 0.0288 0.1226

9 006 01944 | 00423 0155 | 0.0418 0.1528 | 0.053 0.1792 | 0.0424  0.1533 | 0.0412 0.1516 | 0.0543 0.1757 | 0.0403 0.1503
Average 0.0439  0.1615 | 0.0347 0.1392 | 0.034  0.1374 | 0.0436  0.16 | 0.0394 0.1503 | 0.0334 0.1356 | 0.0418 0.1549 | 0.0527 0.1349
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Table 5: Comparison of Model Performance for 12-Month-Ahead Forecasting

Local Model Federated Model Centralized Model
Company No. LSTM TS2Vec FOCL Fed LSTM IFCA FedCon-LCF LSTM FOCL
MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE
1 0.0458  0.1634 | 0.0325 0.1329 | 0.0326  0.1332 | 0.0441 0.172 0.0402  0.1462 0.032 0.1304 | 0.0435 0.1563 | 0.0322 0.132
2 0.0633  0.2041 | 0.0458 0.1718 | 0.0435  0.1676 0.063  0.2045 | 0.0498 0.1721 | 0.0434 0.1661 | 0.0622 0.1928 | 0.0437 0.1689
3 0.0439  0.1615 | 0.0355 0.145 0.0342  0.1413 | 0.0439 0.1567 | 0.0399 0.1498 | 0.0338 0.1397 | 0.0434 0.1597 | 0.0335 0.1392
4 0.0425  0.154 | 0.037 0.1497 | 0.0382  0.1488 | 0.0449 0.1698 | 0.0421 0.1522 | 0.0374 0.1466 | 0.0449 0.1605 | 0.0359 0.1458
5 0.0544  0.1858 | 0.0351 0.1406 | 0.0325  0.1332 | 0.0496 0.1815 | 0.0329 0.1342 | 0.0309 0.1309 | 0.0517 0.1732 | 0.0304 0.1312
6 0.066  0.2055 | 0.0399 0.1496 | 0.0401 0.1495 | 0.0616 0.1971 | 0.0492 0.1577 | 0.0399  0.1499 | 0.0611 0.1926 | 0.0392 0.1481
7 0.0541  0.1816 | 0.0429  0.156 0.043 0.1555 | 0.0537  0.1732 | 0.047  0.1599 | 0.0426 0.1538 | 0.0533 0.1785 | 0.0414  0.1536
8 0.036  0.1454 | 0.0317 0.1289 | 0.0316 0.1269 0.038 0.1381 0.036 0.151 0.0315 0.1289 | 0.0373  0.1483 | 0.0306 0.1272
9 0.0819  0.2337 | 0.0464 0.1631 | 0.0461 0.1616 | 0.0603 0.1936 | 0.0496 0.1766 | 0.0453 0.1597 | 0.0614 0.1906 | 0.0446 0.1592
Average | 0.051] 0.176 | 0.037 0.1455 | 0.0363 0.1432 | 0.0485 0.1718 | 0.0430 0.1555 | 0.0357 0.1415 | 0.0483 0.1674 | 0.035] 0.1417
Table 6: Model Improvement for Different Forecasting Ranges
FOCL FOCL FedCon-LCF FedCon-LCF FedCon-LCF
Forecasting v.s. LSTM v.s. TS2Vec v.s. LSTM v.s. FedLSTM v.s. IFCA

Range MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE

3 11.95%  6.94% 1.63%  1.27% | 14.29% 8.43% 11.71%  5.62% 13.75%  6.28%

6 30.94%  20.80% | 1.25%  0.83% | 32.46%  22.01% | 27.74% 18.46% | 24.47%  24.55%

9 22.55%  14.92% | 2.02%  1.29% | 23.92%  16.04% | 23.39%  15.25% | 15.28%  9.77%

12 29.38%  18.64% | 1.89%  1.58% | 30.54%  19.60% | 26.39% 17.64% | 16.91%  9.02%

Average 23.70%  15.82% | 1.70%  1.24% | 25.30% 16.52% | 22.31% 14.24% | 17.60% 12.40%

Every gas company updates the federated model with local data while exchang-
ing model parameters with a trustful third-party server. While the centralized
setting disregards privacy and presumes that data from all gas companies can
be freely collected. Every gas company can use the aggregated data to train the
centralized model.

We include local models of LSTM, TS2Vec, and FOCL, federated models of
FedLSTM, IFCA, and FedCon-LCF, and centralized LSTM and FOCL models.
The models forecasting performance on each gas company in terms of MSE
and MAE for 3-month-ahead, 6-month-ahead, 9-month-ahead, and 12-month-
ahead forecasting is shown in Table respectively. Because the centralized
model sets no restriction on data utilization, we treat it as the reference, and
we mark the best performance among local and federated models in bold. The
weighted average performance (weighted by the number of clients served by each
gas company) is shown in the last row of the table in italics. And the average
performance improvement when comparing our proposed model with other local
and federated models for different forecasting ranges is shown in Table [6]

When we compare the local models, we can find that the LSTM model
performs the worst. It is because even though one gas company collects data
from tens of clients, the number of monthly data is still too limited to train a
good LSTM model that directly captures the relationships between covariates
and the forecasting target from raw time series. In contrast, the TS2Vec and
FOCL approach that first learns meaningful representations of time series and
then fits downstream linear regression model shows more promising results. For
the average performance of four forecasting ranges, the proposed FOCL can
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achieve improvements over benchmark LSTM by 23.70% and 15.32% in terms
of MSE and MAE respectively. And the performance of the FOCL method
surpasses that of the original T'S2Vec, demonstrating the effectiveness of the
improved hierarchical contrastive loss and multi-scale regression loss designs.
The average performance of FOCL can achieve improvements over TS2Vec of
1.70% and 1.24% in terms of MSE and MAE respectively.

When we extend the models to the federated setting, we can find that the
FOCL and LSTM performance can be improved by the federated training thanks
to the collaboration of multiple gas companies. However, the diverse data from
different industries may affect the performance of the FedLSTM model, and
such a problem also exists when we construct a centralized LSTM model. In
contrast, the proposed FedCon-LCF approach federatedly pretrain the encoder
that focuses on learning how to extract representations that may be less influ-
enced by the heterogeneous conditional probability distributions of covariates
and targets problem. And the challenge of heterogeneous consumption pat-
terns is tackled by the downstream local clustered finetuning approach. For the
clustering-based federated model IFCA, it achieves better performance than the
FedLSTM model because of its advantages in dealing with heterogeneous data
distribution. However, the IFCA model adopts the end-to-end modeling ap-
proach without capturing the universal representations for different ranges of
forecasting, it performs worse than our proposed FedCon-LCF model. As a re-
sult, the average performance over four forecasting ranges of FedCon-LCF can
achieve large improvements over local LSTM of 25.30% and 16.52% in terms
of MSE and MAE. The FedCon-LCF outperforms FedLSTM with average im-
provements of 22.31% and 14.24% in terms of MSE and MAE. Additionally,
FedCon-LCF surpasses IFCA with average improvements of 17.6% and 12.4%
in terms of MSE and MAE. We can also observe that the forecasting task be-
comes more difficult and leads to a higher loss as the forecasting range becomes
longer. However, the proposed FedCon-LCF method can make better use of data
resources of multiple gas companies and exhibit more dominant advantages for
longer-term forecasting.

We investigate how FedCon-LCF and local LSTM model perform on certain
clients for different forecasting ranges, and the comparison in terms of MSE and
MAE is presented in Fig. [l Different colors denote distinct forecasting ranges,
and the x-axis and y-axis respectively represent the performance of the local
LSTM and the FedCon-LCF model. The dots below the black diagonal dashed
line represent clients for which the FedCon-LCF model outperforms the local
LSTM. We can observe that the majority of clients can improve their forecasting
performance by adopting the proposed FedCon-LCF model, and some clients can
see significant improvements in 6-month-ahead, 9-month-ahead, and 12-month-
ahead forecasting. For the purpose of demonstration, we randomly choose one
client from each of the three categories (domestic, industrial, and commercial)
to show the FedCon-LCF’s forecasting results of the last year in the test dataset,
as shown in Fig. We can observe that the FedCon-LCF method is capable
of producing accurate forecasting on diverse consumption patterns in different
forecasting ranges, which reflects the efficacy of the proposed strategy of local
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Figure 4: The performance of the FedCon-LCF in comparison to the local benchmark on 413
clients. Different colors represent 3-month-ahead, 6-month-ahead, 9-month-ahead, and 12-
month-ahead forecasting respectively. The x-axis shows the performance of the local LSTM,
and the y-axis represents the performance of the FedCon-LCF model. The dots indicate that
FedCon-LCF performs better than local LSTM in the area below the diagonal dashed line. (a)
The model performance comparison in terms of MSE. (b) The model performance comparison
in terms of MAE.

clustered regression and multi-scale regression loss.

When we investigate how the FedCon-LCF model performs for companies
from different cities, we can find that the model achieves the best performance
for Company 1, where clients in that city are mainly of the domestic and indus-
trial type. We further examine the FedCon-LCF model’s performance on clients
from domestic, industrial, and commercial categories, as shown in Fig. [} Be-
cause domestic clients make up the majority of the training samples, referred to
the Table[I] the FedCon-LCF performs better for the domestic category than it
does for the other two categories. For the industrial and commercial categories,
the FedCon-LCF model performs better on industrial clients than the com-
mercial in the settings of 3-month-ahead, and 6-month-ahead forecasting, while
the situation is reversed in the settings of 9-month-ahead, and 12-month-ahead
forecasting. We reckon that more industrial clients’ samples than commercial
clients are used in model training making the FedCon-LCF model to better
predict industrial gas demand in a relatively short period of time. However, in-
dustries may have varied gas consumption patterns in different seasons, making
it difficult to estimate over a longer period of time.

As we compare the proposed FedCon-LCF model to the referencing central-
ized model, we observe that FedCon-LCF can outperform the centralized LSTM
model and achieves comparable performance as the centralized FOCL model.
It should be noted that the centralized FOCL model is constructed without the
clustering strategy and each gas company builds a single regression model for
all clients with different gas usage types. But the FedCon-LCF model adopts
the clustered regression strategy to account for the heterogeneous consumption
patterns and thus achieves even better performance than the centralized FOCL
model on some specific gas companies.

In order to validate the effectiveness of the proposed strategy, we conduct
the ablation study and show the results in Fig. []] We evaluate the model
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Figure 5: Mid-term gas demand forecasting of different usage categories. The subfigures
in the left column, middle column, and right column are gas demand forecasts of domestic
usage, industrial usage, and commercial usage respectively. 3-month-ahead, 6-month-ahead,
9-month-ahead, and 12-month-ahead gas demand forecasting are shown by the four rows of
subfigures in order from top to bottom. The true value is indicated by the blue line, while
the predicted value is shown by the red dots.

performance in three settings, the first is to conduct federated contrastive pre-
training but without local clustered regression, where only one regression model
is constructed for each company. The second setting is to train the FedCon-LCF
model without the hierarchical contrastive loss L., (setting A = 1), where the
model is trained with only multi-scale regression loss. The third setting is to
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Figure 7: The performance of the FedCon-LCF model with three ablation settings: (1) without
local clustered regression, (2) without hierarchical contrastive loss Leon, (3) without multi-
scale regression loss Lyeg.

train the FedCon-LCF model without the multi-scale regression loss L4 (set-
ting A = 0). We can observe that all the strategies are beneficial for improving
forecasting, and hierarchical contrastive loss serves the most significant function
since it is the primary component that directs the model to produce fine-grained
representations from the time series.

We also evaluate the time consumption for training the federated model,
which is shown in Fig. [§] As FedLSTM and IFCA model is trained with the end-
to-end paradigm, models have to be trained for 3-month-ahead, 6-month-ahead,
9-month-ahead, and 12-month-ahead forecasting separately. Because IFCA in-
volves clustering in the federated training procedure, it takes the longest time
in model training. In contrast, the proposed FedCon-LCF model only needs to
be trained once for all possible forecasting ranges and attempts to capture uni-
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Figure 8: The training time of the FedCon-LCF, FedLSTM, and IFCA model.

versal representations. The training time of FedCon-LCF mainly focuses on the
federated contrastive pretraining procedure, where the local clustered regres-
sion can be accomplished in a short time that can be neglected. Although the
FedCon-LCF model requires more time to train than the FedLSTM model does,
it eliminates repeating model training and can be completed in a manageable
amount of time, which confirms its practicability.

5. Conclusions

This paper developed a novel FedCon-LCF paradigm to account for the se-
vere data scarcity and diverse consumption pattern challenges in order to accom-
plish effective mid-term gas demand forecasting. The FOCL approach is pro-
posed to extract information and generate fine-grained representations from the
raw gas demand time series by integrating an improved hierarchical contrastive
loss with multi-scale regression loss. We conduct comprehensive experiments
using data from real-world gas companies, and the evaluation of models’ perfor-
mance for 3-month ahead, 6-month ahead, 9-month ahead, and 12-month ahead
forecasting demonstrates the superiority of the proposed method. The FOCL
is more capable than the conventional end-to-end forecasting LSTM model for
mid-term gas demand forecasting tasks, and it also outperforms the original
TS2Vec model in terms of the capacity to produce informative representations.
Additionally, the FedCon-LCF approach enables the collaboration of multiple
gas companies to enhance forecasts without violating data privacy and to con-
struct several regression models for various client clusters. The effectiveness
of the proposed FedCon-LCF approach is further demonstrated by the com-
parable performance to centralized methods and robustness for mid-term gas
demand forecasting with different ranges under the situation of heterogeneous
consumption patterns.
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