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Time series forecasting is increasingly important due to the massive production of data
with new advances like the internet of things and smart cities. Time series forecasting models
are typically developed and evaluated with the assumption that sufficient training data under
the same distribution as the input data is available. In this paper, we use transfer learning to
forecast for a new satellite user terminal that has limited training data. We pre-train an LSTM
model on other user terminals that do have sufficient data, and then transfer the weights learned
from this combined model in order to produce more accurate forecasts for a new target user
terminal without sufficient training data. We use minute and hour level internet demand data
of seven user terminals and propose a clustering framework to help decide which source user(s)
to use to train the source model. Results suggest that transfer learning approaches can greatly
benefit a target terminal with limited training data, on average reducing the MAE by 44%
with just 10 days of hour level training data. However, the input data to transfer knowledge
from must be chosen wisely. Clustering the source terminals with the target terminal and
training the source model just on the source terminals in the same cluster as the target is a
computationally inexpensive way to realize the benefits of transfer learning without negative
transfer.

I. Introduction
n important aspect of translating Machine Learning (ML) models to industry settings is consideration for the
environment in which models will be deployed. As deeper neural networks are becoming more popular due to their
powerful ability to capture complex patterns, they require an increasing amount of training data to avoid overfitting [1].
However, the necessary amount of labeled data to train deep neural networks can be expensive to produce, or even
impossible. A couple of factors may contribute to a lack of the required training data:
1) Time-series data may change over a long period of time, leading to a big discrepancy from old data and new data
2) A new entity may need to be forecasted for, and there is little to no training data for that entity

A

A. Background
Transfer learning has emerged as a framework to help build accurate models that suffer from limited training data by
transferring knowledge from one ML model to another, displayed in Fig. 1 [2]. Whereas traditionally, separate tasks
train separate ML models, with transfer learning, a target task is able to take advantage of source knowledge, shifting the
paradigm of needing to train separate models on vast amounts of target data. Instead, a model can learn from data in a
different distribution, and also learn from a model that is performing a different but related task.
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(a) Traditional machine learning

(b) Transfer learning

Fig. 1 a) Traditional machine learning assumes training and evaluation on the same data and task, whereas b)
transfer learning stores knowledge gained from solving a problem with a different but related task and data.
Transfer learning has been applied mainly to classification problems with great success [3], and recently to regression
and clustering problems. Research aims to answer three questions [2]:
1) How to transfer?
2) What to transfer?
3) When to transfer?
Answering the question of ‘how to transfer’ requires an implementation or algorithm that will be able to extract
knowledge from a source and share it with a target. In a time series forecasting setting, multiple approaches have been
proposed, typically involving a pre-training process where a base model is trained on source data [4, 5]. Applying
transfer learning to time series forecasting problems is a relatively new field, and authors are able to show that with a
simple notion of weight sharing across source and target models, the target’s forecasts are improved both in accuracy
and computational resources. Specifically, it is shown that using a deep LSTM network and transferring weights, a
model using transfer learning outperformed a model without transfer learning, no matter how much target training
data was available [4]. More involved approaches have included the use of a deep CNN called DTr-CNNm, which
is able to use the source dataset not only in pre-training, but also in training the target model [6]. Further, a hybrid
algorithm that incorporates transfer learning, online sequential extreme learning machine with kernals (OS-ELMK) and
ensemble learning was proposed that produced similar or better forecasts with an order of magnitude improvement
in computational time [7]. Lastly, boosting approaches have been adapted for transfer learning problems, notably in
TrAdaBoost, where source datasets are combined with the limited target data, and at each boosting step, the relative
weights of target instances are adapted such that when source instances are misclassified, their weights are decreased.
This way, the algorithm identifies source instances that are most similar to target data and ignores those that are dissimilar
[8].
With insight into how to transfer knowledge, answering ‘what to transfer’ probes what known knowledge from other
sources will help the target model, i.e., what is the shared knowledge between a source (knowledge you have) and the
target (what you want to forecast for). Determining what to transfer for time series data is challenging and scarcely
addressed in current works, yet it is important so that negative transfer is avoided, where transferring knowledge from a
source actually degrades the target model’s performance. Researchers turn to Multi Source Transfer Learning to handle
this issue [9, 10], where given multiple options of sources to transfer knowledge from, measures of relativity between
datasets is crucial. For time series forecasting, these include similarity metrics like Dynamic Time Warping (DTW) and
Jensen-Shasson (JS) [6], Maximum Mean Discrepancy statistical indicator, [11] and clustering techniques like K-means
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clustering [12].
Lastly, ‘when to transfer’ asks in which situations transferring knowledge should be done, which most current works
take for granted by assuming the source and targets are related to each other enough such that negative transfer will be
avoided [2].
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B. Objectives
We focus on a satellite communication problem where the demand for Internet traffic must be forecasted, and user
terminals are the entities that need to be forecasted for. As a new user terminal joins, there is little training data from
which to build a model. A satellite operator must plan for the allocation of resources, so they must over-provision due to
this uncertainty in demand, which leads to wasted unused capacity. To better forecast the new user terminal’s internet
demand, we show that knowledge can be transferred from similar user terminals.
C. Overview
This paper will touch on all three questions that transfer learning research aims to address, how to transfer, what to
transfer, and when to transfer. In Section II we formulate problem and introduce the experiments. In Section II.C we
answer the question of ‘how to transfer,’ in Section II.D we answer the question of ‘what to transfer,’ and in Section II.E
we answer the question of ‘when to transfer.’ The results of these approaches are discussed in Section III.

II. Methods
A. Problem Formulation
A domain, D consists of a marginal probability distribution 𝑃(𝑋) over the feature space X, where 𝑋 = {𝑥 1 , ..., 𝑥 𝑛 }.
Two domains being different may mean they have different feature spaces or different marginal probability distributions
[2]. A task, T is composed of a label space Y and the conditional probability 𝑃(𝑌 |𝑋) that a model learns from training
examples in a supervised learning setting.
In transfer learning, given a source domain, D𝑆 , a source task T𝑆 , a target domain, D𝑇 , and a target task T𝑇 , the goal
is to learn the target conditional probability distribution 𝑃(Y𝑇 |X𝑇 ) in D𝑇 , but from information learned from D𝑆 and
T𝑆 . We apply inductive transfer learning, meaning that limited labeled data in D𝑇 is required to induce 𝑃(Y𝑇 |X𝑇 ), and
D𝑆 ≠ D𝑇 , T𝑆 ≠ T𝑇 [2]. In the case of user terminals in a satellite communication network, D𝑇 represents a new user
terminal that has limited training examples, and D𝑆 is a similar user terminals that has a vast amount of training data.
B. Algorithm Implementations
1. Data
We simulate a multi source transfer learning problem with an internet demand dataset provided by a satellite operator,
displayed in Fig. 2. It contains the forward data rate in Mbps for seven user terminals at a 1-minute resolution from
2/1/20 to 3/31/20. To simulate a new user entering the network, we partition the user terminals into six source datasets
and one target dataset, and the terminal that is taken to be the target terminal is truncated to emulate limited training data.
Throughout the upcoming sections, we analyze both the raw minute level data as well as down sampled hourly data.
2. Metrics
Mean Absolute Error (MAE) is chosen to compute the accuracy of the forecasted time series to the actual values:
𝑀 𝐴𝐸 =

𝑁
Õ
| 𝐴𝑐𝑡𝑢𝑎𝑙 𝑡 − 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑𝑡 |
𝑁
𝑡=1

(1)

As a method to compare improvements in MAE across terminals, we use percentage change in MAE:
% 𝐶ℎ𝑎𝑛𝑔𝑒 𝑖𝑛 𝑀 𝐴𝐸 =

𝑀 𝐴𝐸𝑇 𝐿 − 𝑀 𝐴𝐸 𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒
𝑀 𝐴𝐸 𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒
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(2)

Downloaded by Skylar Eiskowitz on November 8, 2021 | http://arc.aiaa.org | DOI: 10.2514/6.2021-4007

Fig. 2

Half-day profiles for the seven user terminals showing the different input data distributions.

3. Test Cases
The performance is computed on the target time series, which is first split into training and testing subsets, with
a holdout period of seven days. The data is first imputed by first removing ‘drops’ by calculated large percentage
differences in the data and replacing dropped values with previous data points, then scaled before training and testing.
The training lengths for the source terminals are 50,000 samples for the minute level dataset and 1,440 samples for
the hourly dataset, but the total training length into the source model varies based on the experiment due to different
amounts of source terminals being fed in. The amount of training data for the target model also varies based on the
experiment, as this is a parameter we explore to answer the question ’when to transfer’ in Section II.E.
C. How to Transfer
1. Long Short-Term Memory (LSTM) Weight Sharing
An LSTM network is a type of recurrent neural network (RNN), which models time series autoregressively, exploiting
dependencies between sequential inputs by means of a hidden state and three gates: input, forget, and output gates [13].
An LSTM network is chosen as the base architecture shown in Fig. 3 for both the source and target models. First, the
source model is trained on source data (which data is selected is described in Section II.D), then the learned weights
are transferred to a target model. Finally, the target model will undergo a training phase with what limited data it has.
Since the weights of the target model are left open to changing with the same learning rate as the source model, this
transferring of knowledge is embodied as the target model’s ‘warm start.’
The parameters were tuned using a grid search procedure on the source model. Each terminal showed similar
performance on the selected model except for terminal five, which is excluded from the analysis in select figures for
visualization and scaling purposes. The selected parameters are shown in Table 1 and those that were tuned differently
for the down sampled hourly data are shown in Table 2.
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Fig. 3 The weight sharing algorithm first trains a model with source data, then transfers the weights to a new
target model. Then the limited target data will be used to update the weights in a training period of the target
model.
Table 1

Common LSTM parameters across the raw and down sampled datasets
Parameter
RNN layers
RNN nodes
Dropout rate
Loss function
Optimzier

Value
2
75
0.2
mse
Adam

D. What to Transfer
1. Grid Search
In the first implementation of selecting which data to input in the source model of the weight sharing algorithm, we
perform a grid search, exhaustively examining the different source and target terminal pair-wise combinations.
2. K-Means Clustering
To avoid having to exhaustively search which terminal provides the best knowledge to transfer, clustering the
datasets together allows for shorter computational times as well as the possibility that knowledge from not just one, but
multiple terminals can be used to train the source model. K-means clustering is an unsupervised learning technique,
drawing conclusions of groupings from unlabeled datasets. It has been successfully applied in a variety of industries
like economics [14], energy [15], and computer vision [16]. Clustering has typically been applied to transfer learning
classification problems, where clustering itself is the target task [17–19], but in this paper clustering is used as a step to
Table 2

Different LSTM Parameters between the raw and down sampled datasets
Parameter
Embedding dimension
Batch size
Epochs

minute level Data
70
360
9

5

Hourly Data
15
45
20
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help in the input selection process for the larger regression problem as in [20, 21].
Fig. 4 shows the approach where both source and target data is input to a clustering algorithm. We implement
K-means clustering, where the cluster amount is set apriori, and similar time series are clustered together based on a
similarity metric. We implement K-means clustering with tslearn’s clustering library∗ with Dynamic Time Warping
(DTW). DTW, shown in Fig. 5 allows for comparisons of time series with different lengths, which is necessary because
the target terminal has significantly less data than the source terminals it needs to be clustered with. Finally, the source
data that is clustered with the target data is used to train the source model.

Fig. 4 The source data selection methodology consists of 1. Accumulating both source and target data, 2.
Clustering the data using the Dynamic Time Warping (DTW) similarity measure 3. Making training examples
from the source data that is clustered with the target data.

(a) Euclidean distance

(b) Dynamic Time Warping

Fig. 5 To measure similarity between two time series, the a) Euclidean distance simply matches values at the
same time, where b) Dynamic Time Warping allows for series with different lengths or speeds to be matched,
allowing for time series with different lengths to be compared.

E. When to Transfer
Finally, an analysis is performed varying the amount of target training data available to help answer the question
‘when to transfer.’ When the target has accumulated enough training data, it is intuitive to question when training a
model strictly on target data will produce comparable or better results, i.e. when transfer learning is no longer necessary.
∗ ℎ𝑡𝑡 𝑝𝑠

: //𝑡 𝑠𝑙𝑒𝑎𝑟 𝑛.𝑟 𝑒𝑎𝑑𝑡 ℎ𝑒𝑑𝑜𝑐𝑠.𝑖𝑜/𝑒𝑛/𝑠𝑡 𝑎𝑏𝑙𝑒/𝑔𝑒𝑛_𝑚𝑜𝑑𝑢𝑙𝑒𝑠/𝑐𝑙𝑢𝑠𝑡𝑒𝑟 𝑖𝑛𝑔/𝑡 𝑠𝑙𝑒𝑎𝑟 𝑛.𝑐𝑙𝑢𝑠𝑡𝑒𝑟 𝑖𝑛𝑔.𝑇 𝑖𝑚𝑒𝑆𝑒𝑟 𝑖𝑒𝑠𝐾 𝑀 𝑒𝑎𝑛𝑠.ℎ𝑡 𝑚𝑙
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III. Results
Throughout this section we simulate a target terminal by limiting the amount of data it has. Only one target is
simulated at a time, but which terminal out of the seven that is designated as the target is varied in the experiments. We
compare five models:
1) Lag: The Lagged (i.e., naïve or persistence) forecast is the baseline forecast where the forecasted value is the
time series shifted by the offset amount. The forecast is thus the last known value.
2) No TL: This represents the RNN in Section II.C.1 trained on the limited amount of target data only
3) All: This source model is the same RNN trained on all six source terminals
4) Best: This source model is the same RNN trained on only one terminal that produced the best MAE results
based on the exhaustive grid search described in Section II.D.1
5) Cluster: This model uses the methodology described in Section II.D.2, first clustering six source terminals, then
transferring weights from the RNN trained on the source data in the same cluster as the target
First, the normalized actual demand of the minute level data is plotted in green in Fig. 6 along with the No TL
model in blue, and the best performing transfer learning model in orange. In Fig. 6a, the target only has one day of its
own data to train on, and in Fig. 6b, the target has 10 days of training data. In Table 3 we compute the MAE for the
week forecast and see that that the performance of the No TL model greatly benefits with more data, and by the tenth
day, it is able to outperform the best transfer learning model. The performance of the model with TL is not sensitive to
the amount of target training data.

(a) 1 day of minute level target training data

(b) 10 days of minute level target training data

Fig. 6 As the target user terminal only has one day of training data (a), using transfer learning greatly benefits
the forecast, but as more training data is accumulated (b), this effect of using transfer learning is less evident.

Table 3

MAE of minute level data forecasting over a week

Target Training Days
1
5
10

MAE No TL (Mbps)
48.2
7.8
4.5

MAE With TL (Mbps)
5.3
5.1
5.1

The same analysis is done on the down sampled hourly data, where the forecasting problem is now forecasting for
the next hour rather than the next minute, and the target data is varied to have 10 to 20 training days in Fig. 7. With
hourly data, Table 4 shows that the best transfer learning model always outperformed the No TL, likely due to the limited
amount of target data that is left after down sampling.
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(a) 10 days of hourly target training data

(b) 20 days of hourly target training data

Fig. 7 With down sampled data, the target user terminal is left with a scarce amount of training data even at
20 days (b), so using transfer learning greatly benefits the forecast. Even though the performance of the No TL
model improves with more training data, it still does not perform well with such a limited amount of data, and
transferring knowledge is greatly beneficial.

Table 4

MAE of hourly data forecasting over a week

Target training days
10
15
20

MAE Without TL (Mbps)
22.3
24.0
17.6

MAE With TL (Mbps)
13.2
11.2
11.4

A. What to Transfer
In order to determine which terminals are the best to transfer knowledge from, first the exhaustive grid search
described in Section II.D.1 is performed on the minute level data. Each terminal on the x-axis in Fig. 8 represents a
target terminal, and each terminal on the y-axis is the source terminal that trains the source model whose weights will be
transferred to the target model. Each subsequent heat map possesses more target training data (from 1 day to 5 days, and
finally 10 days), and the value in the heat map is the percentage change in MAE with transfer learning. The closer the
value is to zero, the lower the benefit of transfer learning. Note that we choose not to include terminal five for minute
level analysis as it was much harder to forecast for in the short-term than in the long-term. The results affirm that as
more target training data is available, the benefit of transfer learning decreases (the heat maps get darker).
Another takeaway from Fig. 8 is the asymmetry in knowledge transfer. When one source terminal best transfers
knowledge to a certain target terminal, it does not necessarily mean that the target terminal will best transfer knowledge
to the source terminal when their roles are reversed.
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Fig. 8 As more days of target training minute level data is available (each subsequent figure has more training
data), the percent change in MAE with TL goes closer to zero, showing the lower added benefit from transfer
learning.
The same analysis was performed on hourly data in Fig. 9. Noting the different scales between the figures, positive
numbers are now included to account for the negative transfer that often occurred. The results show that transfer learning
has the ability to benefit a target model’s forecasting performance, but it is essential to understand where to take the
knowledge from. Otherwise, the model is prone to negative knowledge transfer.

Fig. 9 As the target (y-axis) accumulates more hourly training data (each subsequent figure has more training
data), the percentage MAE improvement using transfer learning decreases. In some cases negative transfer
occurs where the model performance degrades with transfer learning.
A sensitivity analysis is performed on how the initial choice of the best terminal to transfer knowledge from changes
as the target accumulates more minute level data. In Table 5, each row represents a different scenario of which terminal
is the target terminal, and the chosen source terminal is fixed based on which source terminal led to the best results when
the target only had one day of training data. This chosen source is kept constant as the target accumulates more data, but
the results suggest that by the fifth day, there is often a new ‘best’ source terminal. Operationally, this would require a
new exhaustive grid search to be done on which terminal(s) to transfer knowledge from as the target accumulates data.
However, in this scenario, transfer learning’s payoff may be deemed negligible at the tenth day anyway.
From an operational point of view, Fig. 8 and Fig. 9 can be used to map which terminals should transfer knowledge
to each other, but it is computationally expensive and would require a held-out test set from the target terminal, which is
infeasible due to the already limited amount of data. To mitigate this, we experiment with training the source model on
all the available data, a simple approach that requires no knowledge of source and target terminal compatibility. The
results are shown in Fig. 10 as the top most row on the source axis. The minute level data target terminal is simulated
with 5 days of target data and the hourly data with 15 days of target data. Here, the importance of selecting the right
input source data is highlighted, as often negative transfer occurs i.e., the percent change in MAE is a positive number
when the source model is trained on all terminals, especially in the minute level case where negative knowledge transfer
9
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Table 5 Sensitivity analysis on how the best source terminal changes as the target accumulates more data shows
that for minute level data, once 10 days of target data is accumulated, the source terminal picked on the first
day is no longer the best source terminal.

Target
Terminal

Chosen
Source
Terminal

T1
T2
T3
T4
T6
T7

T7
T7
T7
T7
T3
T3

% Change in MAE From
the Chosen to the Next
Best Source Terminal (%)
1 day 5 days
10 days
30.2
1.3
16.8
19.3
-0.8
18.8
13.6
4.7
11.9
48.0
15.8
6.6
4.7
-7.7
-2.9
18.3
-1.3
-5.5

is occurring for most terminals. This establishes that training a source model on all available data severely degrades the
model performance.

(a) Minute level data

(b) Hour level data

Fig. 10 The percent change in MAE with transfer learning when the source model is trained on all terminals
usually degrades model performance, and it is beneficial to rather choose the best source terminal from an
exhaustive search. This is more evident in the minute level dataset as negative knowledge transfer degrades the
performance for most target terminals.
So far the best approach to selecting which source terminals to transfer knowledge from is to perform and exhaustive
grid search over all separate terminals to see which best transfers knowledge, however this is problematic for two reasons:
1) It is computationally intensive
2) This selection process only considers one terminal as the source terminal at a time, and perhaps knowledge from
multiple terminals should be taken advantage of
3) This would require a held-out test set on target data to evaluate each model’s performance, which is infeasible
due to the already limited amount of data.
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Fig. 11 Full comparison of all input training source methods for hourly data with 15 days of target training data
available. Significant improvement is shown with transfer learning approaches compared to the baseline model
and the lagged forecast. Although choosing the single best terminal as source data most often outperformed
other methods, it is computationally expensive compared to the clustering approach which achieved similar
performances.
Table 6

Analysis of the different number of clusters in K-Means clustering
Number of clusters
2
3

Silhouette Score
0.330
0.287

Thus, we implement the clustering methodology discussed in Section II.D.2, clustering the source terminals and
using the data in the cluster that the target falls into to train the source model. Since there are only six terminals used for
the target and source analysis, this limits the amount of clusters that can be made such that there will be more than one
terminal in each cluster. We found that allowing for more than three clusters does not ensure enough training data per
cluster in order to then train a model. Silhouette scores for feasible number of clusters are shown in Table 6, and we
decide on two clusters based on its higher Silhouette score. A full comparison of all source training input selection
methods is shown in Fig. 11. Although choosing the single best terminal as source data most often outperformed other
methods, the clustering approach is more computationally feasible and achieved a similar performance.
B. When to Transfer
Next, a more detailed analysis is performed to answer the question ‘when to transfer knowledge.’ In Fig. 12, the
MAE for a one week held out test set is plotted as a function of how much target data is available for training. The plot
shows a transfer from terminal three to terminal one. For this source and target pair, using transfer learning consistently
improves the MAE, but this effect becomes negligible once the target has accumulated around one week’s worth of data
for the minute level case and around three weeks’ worth of data for the hourly case.

11
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(a) minute level data

Fig. 12 MAE as a function of how much target data is available for training shows a significant performance
improvement as the target accumulates more data without using transfer learning (blue). Transfer learning is
able to mitigate the issue of not enough training data and consistently achieves a lower MAE than without using
transfer learning. This is evident in a) minute level data and b) hourly data

IV. Conclusion
Transfer learning can greatly benefit a forecast for a target terminal with limited training data simply with a weight
sharing algorithm that transfers weights from a source LSTM to a target LSTM, serving as a warm-start. However, the
input data to transfer knowledge from must be chosen wisely. Although taking the best source terminal and training
a source model with just its data provided the best performance four of the six times, it is infeasible to perform this
exhaustive search through all possible source datasets. Thus, clustering provides a practical and far less computationally
expensive approach to choosing what the source dataset(s) should be, while maintaining comparable model performance.
Lastly, a sensitivity analysis shows that if the best source terminal(s) to transfer knowledge from are chosen early on
(when the target only has one day’s worth of data), that source remains the best choice until around the fifth day, when
there was found to be a better option for three out of the six scenarios. However, at this point, we also show that transfer
learning’s payoff begins to degrade, meaning it is sufficient to stick with the best source terminal(s) chosen early on to
continue to transfer knowledge from.
Future work includes further exploring clustering to aid in ‘what to transfer’ for a multi-source transfer learning
problem. Different approaches to clustering source data with target data can be explored, for instance, instead of
clustering full series of sources of data, training examples of all the source data can first be produced, and then clustered,
allowing for a collection of training instances to be clustered with the target, not just full series of sources. This way,
pieces of sources can be found to best contribute to knowledge transfer. Lastly, more separate source entities could form
better clusters to then train the source model.
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