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ABSTRACT

Multi-temporal remotely sensed observations acquired by
multi-spectral sensors contain a wealth of information related
to the Earth’s state. Deep learning methods have demon-
strated a great potential in analyzing such observations. Tra-
ditional 2D and 3D approaches are unable to effectively
extract valuable information encoded across all available
dimensions. In this work, we propose the extension of cur-
rent fully-convolutional models for multi-temporal remote
sensing data classification to their high-dimensional analogs,
which can naturally capture multi-dimensional dependencies
and correlations. Experimental analysis on recently released
observations from Landsat-8 reveals that our proposed high-
dimensional fully-convolutional approach exhibits a clear
classification performance improvement over state of the art
low-order fully-convolutional models.

Index Terms— Convolutional Neural Networks, Time-
series, Remote Sensing, Land-Cover Classification.

1. INTRODUCTION

Multi-Spectral (MS) and Multi-Temporal (MT) Remote Sens-
ing (RS) data hold a great promise for analysis tasks includ-
ing land-cover classification. Unlike conventional Machine
Learning (ML) methods [IH3]l, Deep Learning (DL) archi-
tectures such as Convolutional Neural Networks (CNNs), can
be trained through an end-to-end learning process, allowing
them to perform impressively in tasks including image en-
hancement [4]], scene [3]] and land-cover [6]] classification.
However, traditional approaches employ 2D-CNNs which
are not directly applicable to the MT-RS classification task,
requiring the temporal information to be collapsed. To over-
come this obstacle, Kussul et al. proposed in a tech-
nique of tying together a 2D-spatial CNN with a 1D-spectral
CNN, whereas in a 3D-CNN fully exploits spatial and
temporal feature learning simultaneously. Methods based on
the so-called Temporal-CNNs [9HL1]], operating on (tempo-
ral) Normalized Difference Vegetation Index (NDVI) repre-
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sentations rather than on raw MT-RS data, have also been
proved promising. Other types of DL-based approaches for
tackling the MT-RS land-cover classification problem include
RNN and LSTM networks. These methods are by-
design suitable for time-series modelling, however, they do
not inherently encode spatial context.

In this work, we propose a 4D-CNN approach to the
MT-RS land-cover classification task, for effectively learn-
ing spatio-spectro-temporal features at the same time. Ex-
tensive experiments on a recently released MT-RS dataset
demonstrate the potential of the proposed higher-order data
encoding approach across all examined scenarios. All in all,
the key contributions of this paper can be summarized as
follows: (i) Introduction of 4D-CNNs to tackle the MT-RS
land-cover classification task; (ii) Effective exploitation of
high-order data correlations without any loss of information;
(iii) Demonstration of the 4D-CNN superiority over their
lower-dimensional counterparts and state-of-the-art methods.
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Fig. 1: The proposed method pipeline for the MT-RS land-
cover classification task. Spatial patches are extracted across
all available spectral bands and time instances of the MT-RS
imagery, and subsequently fed to the proposed 4D-CNN sys-
tem charged with the task of pixel-level classification.




2. PROPOSED METHOD

To jointly exploit the spatial, spectral and temporal informa-
tion of the MT-RS data, we introduce a 4D convolutional
layer. With this configuration, the value of a convolved output
neuron at position (k, [, m, n) can be expressed as follows:
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where f(.) is an activation function, wj ;¢ stands for the
value of the kernel connected to the current feature map at
the position (4, j,, 8), Tc, (ki) (147)(m-+t) (n+s) Tepresents the
value of the input neuron at input channel c, b; ; ; s is the bias
of the computed feature map, C},, denotes the number of orig-
inal channels (i.e. first layer) or the number of feature maps of
the previous layer (i.e. intermediate layer), C3p stands for the
3D-convolution operator, and H, W, T and .S are the height,
width, temporal length and spectral bands, respectively.

The re-arrangement of the convolution sums shown in (TJ
is feasible since convolution is a linear operation and there-
fore the order of summation can be changed. Such a transfor-
mation was proposed in [[14}|15]], and ends up with stacking
multiple sequences of 3D convolutions -the term Csp in (I))-
along the fourth dimension. From an implementation point of
view, further re-arrangement of the respective for-loop took
place as in [14] (i.e. 3D input-frames convolved with respec-
tive 3D filter-frames) in order for our custom layer to imple-
ment true (instead of separable) 4D convolution.

As illustrated in Fig. [1] in order to efficiently train our 4D
model with several samples, we extract overlapping patches
around each pixel of the raw MT-RS imagery. Those sample
patches are used to train the 4D-CNN, which in turn predicts
the label of the center-pixel of equivalent test samples. The
rationale for the introduction of our 4D-CNN model architec-
ture is two-fold: first, since the training samples to be used
are pixel-centered patches, we do not take into consideration
any scaling or translation factors (i.e. no need for pooling
layers); second, works on Hyper-Spectral pixel-level classifi-
cation [|16}/17] have shown that in such experimental scenar-
ios fully-convolutional neural networks are excellent feature
learners.

Concerning the topology of the designed model, all con-

volutional layers are used with a small kernel size equal to 3
across every dimension, with same padding and unit strides
across all dimensions in order to preserve as much informa-
tion as possible across every dimension before the final fully-
connected (prediction) layer, containing the number of differ-
ent classes. Each convolutional layer is directly followed by
a batch-normalization layer and a ReLU-activation layer. The
same stack-of-layers (i.e. Conv-BN-ReLU) is repeated up to 4
times, in order to find the best architecture of the CNN model
based on the validation set results. Depending on how many
convolutional layers are used, 32 — 32 — 64 — 64 filters are
employed per each layer accordingly, while a batch-size of
128 samples is used for every designed model. Regarding the
optimization process of the network, we employed the Adam
scheme [[18]] with a constant learning rate of 0.0001 and ex-
ponential decay rates for the 15 and 2”? moment estimates
equal to 51 = 0.9 and S5 = 0.999, respectively. Categorical
cross-entropy was used as the loss function.

3. EXPERIMENTAL EVALUATION

3.1. Experimental Setup

For validating experimentally our proposed approach, we
considered a large MT-RS dataset which was released re-
cently in the context of the IEEE GRSS Data Fusion Contes
for the problem at hand, providing 2250 different tiles (each
one covering approximately a 4km x 4km area) over the state
of Maryland, USA. For each tile, they are provided Landsat-8
training data (i.e. 9-band MS satellite data, at 30m spatial
resolution collected once a year through 2013 —2017) as well
as USGS National Land Cover Database ground-truth labels
for years 2013 and 2016 (i.e. 15-class land-cover data, at 30m
spatial resolution). In the present study, ground-truth labels
are considered those of 2016, while training data are consid-
ered the respective MT-RS image tiles through 2013 — 2016.
For the upcoming experiments, we randomly selected an
image tile (namely, tilesggg) Whose respective labels do not
contain any pixels with undefined values (i.e. pixels with
values equal to 0), since these pixels do not form any mean-
ingful class out of the 15 available ones. Subsequently, we
adopted the following pre-processing steps for the selected
tile: (i) spatial padding until its original spatial size reaches
4096 x 4096; (ii) spatial subsampling every 16 pixels across
height and width; (iii) spatial patch-extraction across all
spectral bands and all time-instances. These patches are over-
lapping, extracted for all possible locations in the data, and
labeled using the center-pixel of each patch. In this way, the
patch-extraction process serves as a data augmentation tech-
nique, since each selected tile generates 256 x 256 = 65536
training samples of size (p, p, 9, 4) each.
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With this setup, we split in a random way the aforemen-
tioned available samples into 60%/20%/20% non-overlapping
training/validation/test sets, and train the proposed 4D-CNN
model using a constant number of up to 100 epochs. We select
and report the model’s performance based on the best valida-
tion accuracy it achieved during the training process (irrespec-
tive if that was on the final epoch or not). This best perform-
ing model is then used in the test set, once, in order to assess
the final performance of the method. All designed architec-
tures were developed in Python programming platforms, by
exploiting the open-source ML framework TensorFlow [19]
and the higher-level DL-specific library Keras [20], due to
the desired and provided high level of customization of a DL
model as well as fast GPU-performed calculations. In our
experiments, we used NVIDIA’s GPU model Quadro P4000,
with 8Gb available RAM memory.

3.2. 4D-CNN Architectures Parameter Tuning

To understand the impact of input data dimensionality, we
initially construct a 2D-CNN model, in which only spa-
tial features are learned whereas the spectral and temporal
dimensions are averaged (i.e. 2D-CNN). Moreover, we con-
struct two different 3D-CNN models, one for learning spatio-
temporal features (i.e. 3D-CNN-T: averaging the spectral
dimension) and one learning spatio-spectral ones (i.e. 3D-
CNN-S: averaging the temporal dimension).

Table 1: Classification accuracy and respective training time
(minutes) for the trained CNN models.

Model | Patch-Size | #Stack-of-Layers | Accuracy Time
. (5,5,1,1) 3 0.5677 4.238
5 (5,5,1,1) 4 0.5720 4.732
8 (7,7,1,1) 3 0.5986 4.231

(7,7,1,1) 4 0.6049 4.928
= (5,5,1,4) 3 0.7143 6.122
Z | (551,49 4 07527 | 9.151
z (7,7,1,4) 3 0.7699 8.958
« (7,7,1,4) 4 0.8080 14.558
» (5,5,9,1) 3 0.7344 9.792
= (5,5,9,1) 4 0.7463 | 16.124
;? (7,7,9,1) 3 0.7682 | 16.121
“ (7,7,9,1) 4 0.7953 27.435
. (5,5,9,1) 3 0.8767 | 60.489
5 (5,5,9,1) 4 0.8813 | 111.836
e (7,7,9,1) 3 0.8916 | 107.619

(7,7,9,1) 4 0.8906 | 204.110

In a first set of experiments, our objective is to assess
the performance of the employed 4D-CNN and its lower-
dimensional counterparts relative to the number of stack-of-
layers they consist of. Then, we quantify the impact of the
patch-size the CNN models are trained with by obtaining

more spatial information across each centered pixel, while
the spectral and temporal ones remain set. As it can be seen
in Table |1} as we employ more layers the obtained accuracy
improves for all models, indicating that the networks’ gen-
eralization capability is boosted. In addition, spatially-richer
input patches increase the learning capacity of the networks,
irrespective of the number of layers employed. Unavoidably,
more layers means that more parameters must be learned,
which is depicted in the time needed to train the networks.
All in all, we can conclude that the proposed 4D-CNN model
achieves an accuracy improvement of up to 8.36% over the
second best model at the cost of the tolerable ~ 2 hours time
needed for training.
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Fig. 2: Classification accuracy during the training process of
the best 4D and 3D-CNN models. As the number of epochs
increases, so does the performance of the CNN models, with
a clear improvement in favour of the proposed 4D scheme.

Figure [2 illustrates the training process in terms of clas-
sification accuracy for the training and validation sets using
the best hyper-parameters. We observe that the performance
of the 4D-CNN model improves gradually, while at the same
time over-fitting issues are prevented as the validation curve
tracks fairly well the training curve, indicating a strong gen-
eralization capability. On the other hand, the best 3D-CNN-T
model converges slower and to a lower classification accuracy
value, when compared to the proposed 4D model.

3.3. Comparison to State-of-the-Art and ML Methods

We subsequently consider the best CNN models of each di-
mensionality as they arise from Table [I] and compare them
with the state-of-the-art CNN architecture of [§], namely a
3D network consisting of convolutional, average-pooling and
fully-connected layers. In addition, we train a Gaussian SVM,
and a k-NN (with & = 5) classifier, with collapsed input
patches, in order to compare with some non-DL based meth-
ods, as a baseline.



(d) Predicted labels-3D-CNN .

(e) Predicted labels-3D-CNN-T.

(f) Predicted labels-4D-CNN (proposed).

Fig. 3: Actual and predicted labels corresponding to tile 3999, obtained via the the proposed 4D-CNN and its competing models.
The proposed higher-dimensional model captures better the texture of the map, as well as more of its actual labels/values.

Table 2: Classification accuracy, training time (minutes) and
F1-Score of the proposed method and competing ones.

Model Accuracy Time F1-Score
k-NN 0.7443 0.000 0.5747
SVM-Gaussian 0.5945 2.006 0.4995
3D-CNN [8] 07097 | 6.003 | 0.5090
2D-CNN 0.6049 4.928 0.3624
3D-CNN-T 0.8080 14.558 0.6509
3D-CNN-S 0.7953 27.435 0.6552
4D-CNN-Proposed 0.8916 107.619 0.7796

Table[2]reports the classification accuracy obtained by the
various methods in the test set, accompanied by the respective
time needed for training the models, and the achieved macro-
averaged F7-score values. Table [2] clearly shows the signifi-
cant improvement achieved by the proposed 4D-CNN method
both in classification accuracy and F7-score, as compared to
all the other methods. The F'-score obtained by 4D-CNN in-
dicates the robustness of the proposed higher-order model in
class-imbalance situations. Of course, improved performance
comes at a cost: training a 4D-CNN takes approximately 7
times longer than the second competing method, 3D-CNN-T.

To have a better visual sense of the proposed model’s per-
formance, Figure 3] depicts the actual labels of the employed
data tilesggg, accompanied by the predictions obtained from 5
of the methods listed in Table[2] From the classification maps
shown in Figure[3] we notice that the lower-dimensional CNN

models as well as the ML-based suffer from severe noise-
effects, a result of the poor performance to predict correctly
several pixels of the data tile. On the contrary, the proposed
4D-CNN model captures best most of the labels of the actual
classification map, ending up with clear segmented regions
and bearing a strong resemblance to the ground-truth labels.

4. CONCLUSION

In this work, we proposed a 4D fully-convolutional archi-
tecture for the problem of classifying MT-RS data. The ap-
proach is based on generalizing existing lower-order fully-
convolutional models to their high-dimensional analogues, by
customizing and modifying the core functionality of convolu-
tion. Based on our experimental findings on a recently re-
leased MT-RS dataset, we demonstrated that a clearly im-
proved classification accuracy, with respect to state-of-the-art
and empirical methods, is feasible if feature learning is per-
formed in the nominal domain of the data.
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