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ABSTRACT

Due to the rapid growth of earth observation (EO) data and the
complexity of machine learning models, the high requirement
on the computation power for EO data analysis becomes a
bottleneck. Exploiting quantum computing might tackle this
challenge in the future. In this paper, we present a hybrid
quantum-classical convolutional neural network (QC-CNN)
to classify EO data which can accelerate feature extraction
compared with its classical counterpart and handle multi-
category classification tasks with reduced quantum resources.
The model’s validity is verified with the Overhead-MNIST
dataset through the TensorFlow Quantum platform.

Index Terms— Earth Observation, Image Classification,
Quantum Machine Learning, Quantum Circuit

1. INTRODUCTION

Earth observation (EO) has arrived in the Big Data era due to
the advances in remote sensing techniques, but the required
computation capacity becomes a barrier when analyzing the
obtained EO data with complex machine learning models.
Quantum machine learning (QML) might contribute to tack-
ling this challenge in the future since the primary expecta-
tion of quantum computing is to solve computation tasks ef-
ficiently. However, whether QML is superior to its classical
counterpart is still understudied.

Regarding using QML for EO data classification, several
studies have used quantum annealers [1, 2]. Additionally, ap-
plying quantum circuits to analyze EO images also attracts
great attention. To date, some studies rely on classical fea-
ture engineering algorithms to obtain key features and use
quantum circuits for feature transformation and classification.
Gawron et al. [3] propose a quantum neural network for land
cover classification, which relies on the principal component
analysis (PCA) algorithm to obtain key features from multi-
spectral images. Besides feature engineering algorithms, ap-
plying classical deep learning algorithms for feature extrac-
tion is also investigated. Sebastianelli et al. [4] apply a clas-
sical CNN to extract high-level features from images and a
quantum circuit for the final prediction.

However, note that many studies utilize classical algo-
rithms for image comprehension and feature extraction that
are more computationally expensive than the final prediction
step. Studying how to use QML to improve the efficiency of
image understanding would be prospective and worth further
investigation, although current quantum devices are not fully
fault-tolerant yet.

Rooted in the study [5], we propose a new hybrid quantum-
classical convolutional neural network (QC-CNN) that uses
a parameterized quantum circuit to extract critical features
from images and a classical dense layer to conduct final clas-
sification. Additionally, we exclusively apply the amplitude
embedding technique in our model to reduce the required
qubits and simplify the model structure for classification.

We evaluate our model’s performance on the Overhead-
MNIST dataset through the TensorFlow Quantum platform
to verify its validity. The results indicate that our model can
acquire comparable performance to its classical counterpart.
Because of quantum parallelism, our model can speed up the
feature extraction process, especially when analyzing large-
scale EO data according to the complexity analysis.

2. METHODOLOGY

In this paper, we present a hybrid quantum-classical convolu-
tional neural network (QC-CNN) in which the quantum sec-
tion speeds up feature extraction and the classical section for
the final prediction handles multi-category classification. As
shown in Fig. 1, there are 4 types of layers: Encoding Layer,
Quantum Convolution Layer, Measurement Layer, and Dense
Layer. The qubits in the model can be split into 4 groups
based on the encoded information: qL qubits (white) for the
image’s spatial information; qC qubit (gray) for the color in-
formation; qK qubits (green) for the kernels in the convolu-
tion layer; qR qubits (yellow) for the generated feature maps.
We will explain the function of each layer in the following.

2.1. Encoding Layer

To encode gray-scale images into quantum states, our model
adopts the FRQI (Flexible Representation of Quantum Im-
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Fig. 1: The quantum circuit for QC-CNN model: 1) white for qLs; gray for qC qubit; green for qKs; yellow for qRs; 2) dot
markers in the circuit highlight the involved qubits in the applied quantum gates or the measured qubits in the specific layers;
3) the model contains m convolution layers and each layer involves 2k kernels

Fig. 2: The circuit example of the encoding layer for 2 × 2
image: 1) black dot markers indicate the controlled state |1⟩;
2) H represents the Hadamard gate, RY(θ) represents the RY
gate with θ degrees, and ⊕ for the X gate

ages) [6], with which only 2n + 1 qubits are necessary to
represent a gray-scale image with the size of 2n × 2n. To be
more specific, 2n qubits (qLs) indicate the spatial informa-
tion due to quantum superposition, and the amplitude of the
last qubit (qC) encodes the pixel’s value. The entanglement
property will be applied to match the pixel’s value with its lo-
cation. With this technique, we can accurately represent the
image with fewer qubits.

To reduce the quantum gates for its implementation, we
adopt the framework introduced in [7]. Fig. 2 illustrates one
example circuit of its implementation for a 2 × 2 image,
in which θ is the corresponding pixel value mapped from
[0, 255] to [0, π/2].

In the end, the encoding layer translates the classical im-
age into a quantum state with fewer quantum gates and qubits
compared to employing the original implementation in [6]
and computation basis embedding.

2.2. Quantum Convolution Layer

The quantum convolution layer in our model achieves the
convolutional operation to extract features from images and
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Fig. 3: The quantum convolution layer circuit: 1) white for
qLs; gray for qC; green for qK; yellow for qR; 2) dot markers
in the circuit indicate the controlled state: white dots for |0⟩
and black dots for |1⟩; 3) H represents the Hadamard gate and
U3 represents the U3 gate

generate feature maps as the convolutional layers in classical
CNN models. To perform the fast dimension reduction for
generated feature maps, the kernel size and the convolutional
stride in this layer are set to the same, and they should be
modified based on the input image’s size. In this paper, a QC-
CNN model with 2 × 2-sized kernels and the convolutional
stride of 2 is exampled for clarification.

To achieve the element-wise product, we first need to
identify the pixels which should be transformed with the
same weight in the quantum domain. As stated in [5], for
the exampled QC-CNN model, we only need to use the first
qubit |x0⟩ in the first half of qLs and the first qubit |y0⟩ in the
second half of qLs to distinguish pixels for different weights.
Besides considering the pixel’s location represented by |x0⟩
and |y0⟩, the qC (|c⟩) encoding the values of pixels is also
important. Specially, our model applies U3 gates with 3 con-
trollers (i.e. |x0⟩, |y0⟩ and |c⟩) on the qR qubit (|r⟩), which
can rotate the qR with 3 Euler angles based on the pixel’s
value and its location. The generated feature map will be rep-
resented by qR and qLs without qubits |x0⟩ and |y0⟩, which
can be treated as the input of the next quantum convolution
layer to obtain high-level critical features.

When applying multiple kernels for feature extraction, we
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Fig. 4: The measurement layer circuit: 1) white for qLs; gray
for qC; green for qK, and yellow for qR; 2) two feature maps
are generated: |x1y1⟩ encodes the location information, |r⟩
encodes the values of the feature maps, and |k⟩ shows the
index of the feature maps

will include qK qubits as additional controllers for U3 gates.
d qKs can maximally prepare 2d kernels, and |k⟩ will rep-
resent the index of applied kernels and the generated feature
maps.

Fig. 3 illustrates one circuit for a quantum convolution
layer, in which there are 2 kernels to process an image with
the size of 4×4 and 2 feature maps will be created in the end.

2.3. Measurement Layer

The measurement layer translates the quantum feature maps
to classical feature values. Thus, the qubits encoding feature
maps are of most interest. Fig. 4 represents one quantum cir-
cuit example for the measurement layer, in which one quan-
tum convolution layer with 2 kernels is applied to process a
4 × 4 × 1 input image. In the end, two feature maps |ψt⟩
with the size of 2×2 are generated accordingly, which can be
presented by |xt⟩, |yt⟩, |k⟩ and |r⟩, as shown in Fig. 4.

Our model individually measures the focused quantum
state |ψt⟩ in the X-basis, Y-basis and Z-basis, and obtains the
corresponding expectation values. Then we concatenate the
expectation values from different bases and use them together
in the further classical dense layer.

2.4. Dense Layer

Given the expectation values from the measurement layer, we
apply a classical dense layer for final classification. This layer
is fully connected, and each neuron encodes one expectation
value. To output probability distribution for multi-category
classification tasks, we utilize the softmax activation function
at the end to indicate the category of the input image.

3. EXPERIMENTS

To verify our model’s validity, we evaluate our model’s per-
formance on the Overhead-MNIST dataset [8] using the Ten-
sorFlow Quantum platform (TFQ) [9]. Since the goal of our
experiments is to evaluate the model’s validity, a noiseless
simulator from TFQ is adopted in our experiments.
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(a) Overhead-MNIST: satellite analog images (28× 28)
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(b) Overhead-MNIST: satellite analog images (8× 8)

Fig. 5: Original and processed image samples in experiments

Table 1: The classification performance comparison between
the proposed model and others

Model Kernel Parameter Training Accuracy Test Accuracy

QC-CNN 4 198 0.690± 0.000 0.670± 0.010
CNN 6 82 0.573± 0.006 0.553± 0.032
CNN 14 214 0.670± 0.036 0.627± 0.025

Due to the high requirement on computation power for
quantum simulation, we have to simplify our experiments.
Specifically, we reduce the size of images in the Overhead-
MNIST dataset from 28 × 28 × 1 to 8 × 8 × 1, and we only
consider 6 categories, including ‘car’, ‘ship’, ‘plane’, ‘har-
bor’, ‘helicopter’, ‘oil gas field’. Totally, we have 5098 im-
ages for training and 637 images for testing. Fig.5 illustrates
some samples for experiments.

As for the models, we experiment with our model that has
two quantum convolution layers, and each layer applies two
kernels. Regarding the baseline models, we adopt two classi-
cal CNN models with ReLU (Rectified Linear Unit) activation
function after each convolution layer. One with 6 kernels has
a similar model structure as our model, and the other with 14
kernels generates the same size of the output for each layer as
our QC-CNN model. We repeated each experiment 3 times
and calculated the average accuracy for comparison.

Table 1 shows the classification accuracy achieved by dif-
ferent models. Our model can reach the average training ac-
curacy of 0.690 and test accuracy of 0.670, and outperform
both CNN models with more kernels. Fig.6 visualizes the
confusion matrices on the test data with the models that have
the best performance among the 3 repeated experiments. As
shown in Fig. 6a - 6c, our model can identify ‘car’, ‘plane’,
and ‘harbor’ with higher accuracy than both CNN models.

4. DISCUSSION AND CONCLUSION

Due to quantum parallelism, our model can speed up the fea-
ture extraction process by simultaneously transforming all de-
sired quantum states. Specifically, for a convolutional layer
applying 2k kernels with the size of 2×2 and setting the con-
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(a) QC-CNN with 4 kernels
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(c) CNN with 14 kernels

Fig. 6: Confusion matrix for the experimented models with the best performance in the repeated experiments on the test dataset:
Classes 1–6 ‘car’, ‘ship’, ‘plane’, ‘harbor’, ‘helicopter’, ‘oil gas field’

volutional stride as 2 to process a gray-scale image (2n×2n),
the time complexity of the classical operation is O(2k+2n),
whereas our model requires 2k+2 U3 gates with k + 3 con-
trollers despite the image’s spatial size. Thus, when analyzing
large-scale EO images, the acceleration of our model will be
more obvious. However, the overall efficiency of our model
can be compromised due to the image encoding step since
classical CNN does not require the image encoding process.

In conclusion, we present a new hybrid quantum-classical
convolutional neural network (QC-CNN) in this paper for
EO data classification, which can speed up feature extraction
and achieve comparable performance as classical CNN. Ex-
clusively applying amplitude encoding significantly reduces
the requirement on quantum bit resources. Additionally, our
work demonstrates a proof of concept of applying CNN in
the quantum domain for EO data classification.
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