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Abstract: Deep learning methods have been widely applied to time series classification tasks. Although deep

learning methods perform excellently on these tasks, they require much training data. Labeling time series data

for training is very time-consuming and labor-intensive. Active learning can be used to select the most informative

data for labeling in time series classification tasks to save human labeling efforts. In this paper, we propose a

new active learning (AL) framework for time series data. First, a temporal classifier for pixel-level temporal

classification tasks is designed. Next, We propose an effective active learning method to select informative time

series samples for labeling, which combines representativeness and uncertainty. For representativeness, We use the

K-shape method to cluster time series data. For uncertainty, we construct an auxiliary deep network to evaluate

the uncertainty of unlabeled data. The features of the middle hidden layer with rich temporal information of the

classifier will be fed into the auxiliary deep network, which is equipped with a self-attention mechanism to utilize

the temporal dependencies of time series data fully. Then, we define a new loss function with the aim of improving

the deep model’s performance. Finally, the proposed method in this paper was evaluated on two temporal remote-

sensing image datasets. The results demonstrate a significant advantage of our method over other approaches to

time series data. Code is available at https://github.com/Fighting-Golion/time_series_active_learning

Keywords: time series; active learning (AL); image classification

1. Introduction

Time series classification methods based on deep learning have many applications in the field of
remote sensing [1], which can capture significant time dependencies and have better performance than
earlier time series classification methods. However, they require a large number of labeled time-series
samples for training. Acquiring the training set is an often daunting and expensive task. This challenge
is magnified in time series classification by the intricate and high-dimensional characteristics of time
series data [4]. Active learning is a promising way for time series classification to select the most
informative data for labeling to save human labeling effort [2]. This approach can achieve higher
model accuracy with fewer labeled samples to reduce labeling costs [3] significantly.

In the field of remote sensing, numerous active learning methods focus on sample selection for
hyperspectral remote sensing image data based on uncertainty or representativeness. For instance, [5]
proposed an active learning algorithm based on a weighted incremental dictionary learning, which
selects training samples that maximize two selection criteria, namely representative and uncertainty.
[6] development of a new AL framework for deep networks, where an auxiliary deep network for
the basic learner is constructed to learn the uncertainty of unlabeled samples. [7] propose a novel
AL technique for sparse representation classifier, where the query function is designed by combining
uncertainty and representativeness criteria. [8] proposed a new semi-supervised classification method
named prototype and active learning network, which integrates deep learning, active learning based
on uncertainty, and prototype learning into a framework.

Many active learning methods have been developed for remote sensing image data, but none
are especially effective for time series data. This is because it is hard to evaluate the informativeness
of a time series sample by existing methods. Constructing a closed-form probability model for time
series classification is challenging, further compounded by the complexities of directly adapting
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existing selection methods to time series datasets. Some study, such as in reference [9], designs an
informativeness metric that considers the characteristics of time series data in defining their instance
uncertainty and utility. However, this method does not apply to multispectral and voluminous time
series remote sensing data because of its expensive time complexity.

In this paper, we propose an effective active learning method for time series remote sensing image
classification tasks, which aims to select informative time series data for training. This method selects
samples based on both representativeness and uncertainty. For representativeness, we first address
the metric by using the K-shape method to cluster time series samples. For uncertainty, we design a
time-series loss prediction module(TLPM) that is equipped with a self-attention mechanism to predict
classification loss and then select samples with high loss within each cluster. Finally, we conduct
experiments on two temporal remote-sensing image datasets. Experimental results and ablation
studies demonstrate the effectiveness of our method on time series data.

2. Methods

The active learning method proposed in this paper consists of three components: a clustering
module, a temporal classifier, and the TLPM. The clustering module is the K-Shape method to provide
support for selecting temporal samples from a perspective of sample representativeness. The time
series classifier excels in time series classification because it can capture deep temporal dependencies.
The TLPM predicts the loss of unlabeled temporal samples to evaluate the uncertainty of each time-
series instance. The flowchart of the proposed method is displayed in Figure 1. The process of sample
selection comprises two main phases: training and referencing, which are performed in a loop. Before
the loop starts, initial temporal samples are randomly sampled from a large dataset of remote-sensing
images.

Figure 1. Flowchart of the proposed method.

During the training phase, samples in the training set are inputted into the temporal classifier
model for training. Simultaneously, the features extracted from the encoding section of the classifier
are fed into the TLPM. The target loss from the temporal classifier is utilized as a label for training the
TLPM.

During the inferencing phase, unlabeled data samples are first clustered, and the cluster labels are
recorded. The next step is to input these samples into the temporal classifier and input the intermediate

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 21 October 2024 doi:10.20944/preprints202410.1526.v1

https://doi.org/10.20944/preprints202410.1526.v1


3 of 11

features into the TLPM. After that, we select time series samples with the highest loss in each cluster to
label them and add them to the train set.

2.1. LSTM-Based Temporal Classifier

Time series data contains rich temporal information, which can be fully utilized for time series
classification by a temporal classifier based on deep learning. Our classifier is based on the U-Net
framework with an embedded LSTM layer. The convolutional layers in U-net can capture the temporal
relationships of neighbor pixels over time. Meanwhile, the LSTM in this classifier captures long
short-term temporal dependencies. This network has two advantages. Firstly, our network is a pure
temporal version designed based on [10], achieving outstanding performance with smaller and faster
models. Secondly, an LSTM module added to the network can capture deep time dependencies and
better filter out noise. The temporal classifier can be defined as Fc.

So far, this paper has introduced a temporal classifier that performs well on time series classifica-
tion. However, it needs a large or well-selected training set. The reason is that a training set with a
small data size is inadequate to support the classifier in accurately identifying the decision boundary
between classes. Therefore, we propose an active learning method that considers representativeness
and uncertainty to select informative samples to form a well-selected training set.

2.2. Select Samples Based on Representativeness and Uncertainty

We commence with a crafted illustration highlighting the significance of selecting samples based
on both representativeness and uncertainty in active learning. Figure 2(a) shows the data selected by
an approach based on uncertainty. The method based on uncertainty can find the decision boundary.
But it is more likely to select similar samples. Figure 2(b) shows the data selected based on both
representativeness and uncertainty. Evidently, the approach integrating both representativeness and
uncertainty proves more effective in delineating the precise decision boundary compared to relying
solely on uncertainty. In terms of representativeness, selecting unlabeled data from different clusters
can help find more representative samples. The K-Shape method [12] can efficiently divide unlabeled
time series data into K clusters because of its relatively small computational complexity and focus
on the shape of the time series. In terms of uncertainty, the greater the classification loss of a sample,
the greater the uncertainty of the sample. Therefore, we propose the TLPM to predict the loss of the
sample. After using the K-shape method to divide the unlabeled samples into K clusters, we select the
sample with the maximum loss value from each of the K clusters. Finally, we label these samples and
add them to the training set.

(a) (b)

Figure 2. The results of different active learning methods
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The input part of the TLPM comes from the output features of different levels of the classifier
in the encoding stage. Each input feature map will enter this submodule and undergo a series of
transformations, which are defined here as Sm. Therefore, this network module Fu(em, . . . , e1) can be
defined as:

Fu(em, . . . , e1) = FC(Sm(em), . . . , S1(e1)) (1)

em represents the m-th output feature of the encoder, while FC(·) stands for fully connected
transformation. Unlike the network of [13], the Sm here does not only include the GAP layer [14] and
fully connected (FC) layer; we have made modifications to it. As shown in Figure 1, Sm consists of
three parts.

The first part involves a self-attention mechanism, which relates different positions of a single
time sequence to compute a representation of the time sequence [15]. As is shown in Figure 3, it helps
the module focus on the most critical time points when predicting the loss in time series data. The
remaining two parts consist of the GAP and FC layers, respectively. Currently, we have not defined
a specific loss function. In the next section, we will explain how to design the loss function and the
method of training the network.

Figure 3. self-attention and loss prediction.

2.3. Loss Function of Our Network Architecture

In 2.1, we defined a temporal classifier for time series classification. In 2.2, we explained how
to select time series samples based on the representativeness and uncertainty of the samples. Next,
to enable the TLPM to accurately estimate the uncertainty of unlabeled data, we will define the loss
function and explain the method of training the network. By inputting samples with labels into the
classifier, we can obtain a loss value by comparing the true labels with the predicted ones. However,
since unlabeled samples do not have corresponding labels, we cannot directly obtain the loss values
for unlabeled data. Instead, we predict the loss value of a time-series instance through the TLPM.
First, for the classifier, we define the output probability of x as ẑ = Fc(x), so the loss value for a single
sample i is

li
c = Lc(z, ẑ) (2)

Lc represents the loss function of the classifier, where z is the true label of the sample and
z = [z1, · · · , zT ] . For the TLPM Fu, its predicted loss is denoted as li

u, and li
c is the corresponding

actual loss value. Therefore, the loss of this module is defined as Lu(li
c, li

u). The total loss is defined as:

L = Lc(z, ẑ) + λLu

(
li
c, li

u

)
(3)
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λ is an adjustable parameter used to represent a scaling constant in the loss optimization process.
Specifically, for the classifier, we use cross-entropy loss as its loss function. When a batch contains N
temporal samples, the cross-entropy loss can be expressed as:

Lc = − 1
NT

N

∑
i=1

T

∑
t=1

zi
t log

(
ẑi

t

)
(4)

Defining the loss function for the TLPM is an important issue. During network training, while the
classifier’s accuracy improves, its loss almost always decreases. It would be extremely challenging
to train the TLPM using loss labels with large-scale variations. However, during network training,
the relative loss values between temporal samples exhibit smaller variations. In other words, if we
can compare loss functions between pairs of samples, we can discard the overall scale of loss. We
designate a batch of trained data as N, which is an even number. Thus, this batch contains N/2 pairs
of temporal sample data, denoted as xp = {xi, xj}. We can then update the parameters of the TLPM by
considering the difference between a pair of loss predictions, where the loss function is defined as:

Lu

(
lp, l̂p

)
= max(0,−sign

(
li
c − l j

c

)
· (li

u − l j
u)) + ψ (5)

Here, the symbol ψ represents a predefined positive number, lp represents a pair of temporal
samples(i, j), and sign(·) represents the sign function. For example, when li

c > l j
c and −

(
li
u − l j

u

)
+ψ <

0, the loss function value is 0, providing no feedback to the network. Feedback from the loss values is
received by the module only when li

c is larger than l j
c and −

(
li
u − l j

u

)
+ ψ > 0, thereby increasing li

c

and decreasing l j
c. When the network trains a batch of data η with a size of N, the final loss function

for the classifier and the TLPM is represented as:

1
N ∑

(x,z)∈η

Lc(z, ẑ) + λ
2
N ∑

(xp ,zp)∈η

Lu

(
lp, l̂p

)
(6)

During training, the losses of both the classifier and the TLPM are simultaneously reduced. This means
that the network parameters of these two modules are updated simultaneously, without requiring
additional time or computational resources for separate steps.

Algorithm 1: Selecting time series samples Algorithm
Input: The positive constant of active learning rounds, R.
The positive constant of samples labeled in each cycle, K.
The initial labeled samples set for training, Dt.
The initial unlabeled samples set, Du.

1 Train the temporal classifier Fc(·) and the TLPM Fu(·) by Dt

2 Use K-shape algorithm to divide the unlabeled time series samples into K clusters.
3 for r=1:R do
4 Predict the loss value of unlabeled series samples in Du by Fu(·).
5 Select the sample with the highest loss from each cluster to form set Dx.
6 Dt = Dt ∪ Dx.
7 Train the temporal classifier Fc(·) and the TLPM Fu(·) by Dt.
8 r = r + 1.

9 End
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3. Experiments and Results

3.1. Dataset and Experimental Environment

To validate the proposed method, we conducted experiments using two datasets: the two-class
time series dataset named the multi-temporal urban development spacenet dataset (MUDS) [17] and
the multi-class time series dataset named DynamicEarthNet [16]. The specific details can be seen in
Table 1. The methods proposed in this paper are compared with other methods on the two datasets,
including random sampling, entropy sampling, and Variational Adversarial Active Learning(VAAL)
[11].

The experiments were run on an Intel(R) Xeon(R) Silver 4210 2.20-GHz CPU and an NVIDIA
GeForce RTX 4090 GPU. The temporal classifier we employ is a one-dimensional temporal version
based on the modification of BANet [10]. Each input sample in the temporal sequence is of size 4x24,
where 4 denotes the number of bands, and 24 represents the length of the sequence. The output size
is 24xC, where C represents the initial category set during the initialization of the temporal classifier.
In each dataset, we first perform uniform sampling with a stride of 4 along the spatial dimension
of the original remote sensing images. Next, take 70% of the data as the test set, 10% of the data as
the validation set, and from the remaining 20% of the data, select 100,1000 or 10000 samples as the
initial training set, with the rest of the data as the candidate set. To prevent the problem of decreased
accuracy in temporal classifiers caused by overfitting, during the training of the time-series classifier
for 200 epochs, the network parameters that yield the highest accuracy on the validation set are chosen
as the final parameters for the temporal classifier. The temporal classifier in this state is then used to
test the accuracy of the final test set. To improve network training speed, a large batch size of 4096 was
used. Parameters λ and ζ were set to 1, and the fully connected layer had 64 neurons. To validate our
method’s effectiveness, each approach was executed five times, and the average of their results was
taken as the final accuracy.

Table 1. dataset details

Dataset DynamicEarthNet MUDS

Resolution (m) 3 4
Sensor Planet Labs Planet Labs
Bands 4 4
Temporal length 2 years 2 years
Sample frequency monthly monthly
Categories 7 2

3.2. Experiments on Two-Class Dataset

The two-class dataset used in this paper is MUDS. The experiment is divided into two groups. In
the first group, the initial training set size is set to 100, and the sample selection interval is also set to
500 samples. In the second group, the initial training set size is set to 1000, with a sample selection
interval of 1500. The initial learning rate for the temporal classifier is set to 0.01, and during training,
the Adam optimizer adaptively adjusts the learning rate. The initial learning rate for the TLPM is also
set to 0.01. After 90 epochs, the learning rate decreases to 0.001. During each training process, gradient
propagation from the TLPM to the temporal classifier stops after the 120th epoch.

As shown in Figure 4(a) and Figure 4(b), when the initial training set size is 100, and the interval
is also 500, our approach has significant advantages, and the random sampling performs relatively
better compared to the other two methods. When the initial training set size is 1000, and the interval is
1500, the accuracy of the training set grows relatively steadily. Our method still performs well, and
entropy sampling has also shown some effectiveness.

In general, the random method performs well when the data volume is small. This is because, with
a smaller data volume, temporal classifiers have a limited understanding of the sample distribution,
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and randomly selected samples can provide more information to the temporal classifier. On the other
hand, the entropy method does not perform well and sometimes yields worse results than the random
method. This is because the entropy method itself selects too many similar samples, resulting in
limited information for the temporal classifier, thus not significantly improving classifier accuracy.
Our approach not only considers sample selection from the perspectives of representativeness and
uncertainty but also selects samples with larger losses in time series based on these two aspects.
Therefore, this approach significantly enhances the performance of the temporal classifier. The VAAL
method performs poorly because it is challenging for the variational auto-encoder to encode and
decode time samples with temporal dependencies.

(a) The experiment results with an initial sample size
of 100 and a sample selection increment of 500 on
MUDS.

(b) The experiment results with an initial sample size
of 1000 and a sample selection increment of 1500 on
MUDS

Figure 4. The experiment results on MUDS

3.3. Experiments on Multi-Class Dataset

The experiments on DynamicEarthNet are divided into two groups. In the first group, the initial
training set size is set to 1000, and the sample selection increment is set to 1000 samples. In the second
group, the initial training set size is set to 10000, and the sample selection increment is set to 1500
samples. The initial learning rate of the temporal classifier is set to 0.01, and during training, the Adam
optimizer adaptively adjusts the learning rate. The initial learning rate of the TLPM is set to 0.01,
which decreases to 0.001 after 100 epochs. During each training process, gradient propagation from the
TLPM to the temporal classifier stops after the 120th epoch. The difference from the MUDS experiment
lies in the fact that the output of the temporal classifier used in this dataset has a category dimension
of 7.

As shown in Figure 5(a) and Figure 5(b), in multi-class dataset, the performance of the random
method initially surpasses that of the entropy method. However, the entropy method consistently
overtakes the random method after several sample selections. The VAAL method performs worse than
the random method. The method proposed in this paper shows a significant advantage, performing
better than other active learning methods both within the sample quantity range of 1000 to 10000 and
within the range of 10000 to 25000.

Similar to the scenarios mentioned in the two-class dataset, the reason why the random method
is superior to classification entropy is that in the initial stages of training, the temporal classifier has
a limited understanding of the distribution of samples. As the number of samples increases, the
temporal classifier gains more information. Therefore, entropy sampling can use enough classification
information to determine which samples are more informative. This is also why the entropy method
gradually gains an advantage. In order to more intuitively understand the effect of classification, we
made a comparison between the prediction results of each method and GT when the training set size
is 5000, as shown in Figure 6.
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(a) The experiment results with an initial sample size
of 1000 and a sample selection increment of 1000 on
DynamicEarthNet.

(b) The experiment results with an initial sample size
of 10000 and a sample selection increment of 1500 on
DynamicEarthNet.

Figure 5. The experiment results on DynamicEarthNet

Figure 6. The comparison between the prediction results of each method and GT.

4. Discussion

4.1. Experiments with Different Initial Training Sets

Figure 7 illustrates the comparative results of our method under varying initial training set sizes
on two datasets. We conducted repeated experiments using different initial training set sizes on the
MUDS dataset. It is evident that our method outperforms random sampling, entropy sampling, and
VAAL sampling across three different initial training set sizes. Experiments on the Dynamic dataset
also indicate the exceptional performance of our method, followed by the entropy sampling. It is
evident that our method is effective across different initial training set sizes due to its ability to adapt
to varying initial sample quantities and select the most informative data for the classifier from the
unlabeled dataset under different initial sample conditions.
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(a) The experiment results with an initial sample
size of 500 and a sample selection increment of
1000 on MUDS.

(b) The experiment results with an initial sample
size of 2000 and a sample selection increment of
1000 on DynamicEarthNet.

(c) The experiment results with an initial sample
size of 2000 and a sample selection increment of
1000 on MUDS.

(d) The experiment results with an initial sample
size of 4000 and a sample selection increment of
1000 on DynamicEarthNet.

(e) The experiment results with an initial sample
size of 4000 and a sample selection increment of
1000 on MUDS.

(f) The experiment results with an initial sample
size of 8000 and a sample selection increment of
1000 on DynamicEarthNet.

Figure 7. The experiment results with different initial training sets

4.2. Ablation Study

Figure 8 illustrates our ablation study, which was conducted to investigate the contributions of the
key modules, K-Shape, and self-attention, in our model. We conducted experiments on two datasets.
Specifically, for the MUDS dataset, we set the initial training set sample count to 500 and selected
a selection stride of 500. Similarly, for the DynamicEarthNet dataset, the initial training set sample
count was set to 2000, with a selection stride of 1500. We performed four sets of experiments: (1)TLPM,
(2)TLPM + K-shape, (3)TLPM + self-attention, and (4) our method (TLPM + self-attention + K-shape).
Group (1) exhibited the lowest performance among the comparative methods. Group (3) outperformed
Group (1), indicating that the standalone TLPM did not focus on the temporal characteristics of the
time series samples when predicting loss, whereas the inclusion of self-attention enhanced the model’s
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predictive loss capability. Group (2) also showed good performance compared to Group (1) due to
the consideration of sample distribution properties by the K-Shape method. Notably, the model that
incorporated both K-shape and self-attention demonstrated the highest performance, showcasing
a significant advantage resulting from the simultaneous consideration of representativeness and
uncertainty.

(a) The experiment results with an initial sample size
of 500 and a sample selection increment of 500 on
MUDS.

(b) The experiment results with an initial sample size
of 2000 and a sample selection increment of 1500 on
DynamicEarthNet.

Figure 8. Ablation results on analyzing the effect of the K-Shape and self-attention

5. Conclusions

This paper presents a new active learning approach for time series classification tasks on remote
sensing image datasets. In this approach, we integrate representativeness and uncertainty by employ-
ing a K-shape and a time-series loss prediction module equipped with a self-attention mechanism to
assess the label value of unlabeled time-series samples. We select the most informative samples to
augment the training set and then improve the accuracy of the temporal classifier. We evaluate our
proposed method on both a two-class and a multi-class dataset. Experimental results demonstrate its
outstanding performance on time series data. Experiments with different initial training sets indicate
that our method is effective across different initial training set sizes. Furthermore, ablation experi-
ments were conducted, and the results confirmed the effectiveness of the key modules, K-shape, and
self-attention.
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AL Active learning
TLPM Time-series loss prediction module
LSTM Long short-Term memory
GAP Global average pooling
FC Fully connected
MUDS Multi-temporal urban development spacenet dataset
DynamicEarthNet Daily multi-Spectral satellite dataset
VAAL Variational adversarial active learning
BANet Burned areas neural network
GT Ground truth
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