
remote sensing  

Article

A CNN-Based Pan-Sharpening Method for
Integrating Panchromatic and Multispectral Images
Using Landsat 8

Zhiqiang Li 1 and Chengqi Cheng 2,*
1 Institute of Remote Sensing and Geographic Information System, Peking University, Beijing 100871, China;

lzq.gis@pku.edu.cn
2 College of Engineering, Peking University, Beijing 100871, China
* Correspondence: ccq@pku.edu.cn; Tel.: +86-133-2113-8499

Received: 9 September 2019; Accepted: 5 November 2019; Published: 7 November 2019
����������
�������

Abstract: The increasing availability of sensors enables the combination of a high-spatial-resolution
panchromatic image and a low-spatial-resolution multispectral image, which has become a hotspot in
recent years for many applications. To address the spectral and spatial distortions that adversely
affect the conventional methods, a pan-sharpening method based on a convolutional neural network
(CNN) architecture is proposed in this paper, where the low-spatial-resolution multispectral image
is upgraded and integrated with the high-spatial-resolution panchromatic image to produce a new
multispectral image with high spatial resolution. Based on the pyramid structure of the CNN
architecture, the proposed method has high learning capacity to generate more representative
and robust hierarchical features for construction tasks. Moreover, the highly nonlinear fusion
process can be effectively simulated by stacking several linear filtering layers, which is suitable for
learning the complex mapping relationship between a high-spatial-resolution panchromatic and
low-spatial-resolution multispectral image. Both qualitative and quantitative experimental analyses
were carried out on images captured from a Landsat 8 on-board operational land imager (LOI)
sensor to demonstrate the method’s performance. The results regarding the sensitivity analysis of
the involved parameters indicate the effects of parameters on the performance of our CNN-based
pan-sharpening approach. Additionally, our CNN-based pan-sharpening approach outperforms
other existing conventional pan-sharpening methods with a more promising fusion result for different
landcovers, with differences in Erreur Relative Globale Adimensionnelle de Synthse (ERGAS),
root-mean-squared error (RMSE), and spectral angle mapper (SAM) of 0.69, 0.0021, and 0.81 on
average, respectively.

Keywords: multispectral images; panchromatic images; convolutional neural network; pan-sharpening;
transfer learning

1. Introduction

High-resolution remote sensing imagery contains sufficient target details and dynamically
offers global observation data for many military and civilian applications (such as aeronautics [1],
astronautics [1], hazard monitoring [2], and military reconnaissance [3]). Currently, numerous optical
remote sensing satellites, such as IKONOS, QuickBird, GeoEye, WorlView-2, Landsat, and so on,
provide panchromatic images with high spatial resolution and multispectral images with low spatial
resolution. However, it is well known that the design of satellite sensors has to make a tradeoff between
spatial and spectral resolutions [4]. The pan-sharpening-based method [5] to combine multispectral
and panchromatic images can effectively obtain high-spatial-resolution multispectral images such
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that the fused images have the characteristics of high spatial resolution and high spectral resolution
at the same time. As a result, the fused image provides more accurate and reliable information as
a better basis for artificial decision-making, which will be beneficial to the application of ground
object classification, target detection, artificial visual interpretation, and so on. Therefore, a robust and
efficient pan-sharpening method to achieve the automatic fusion task has been an active research topic.

Pan-sharpening reconstruction is a technique for reconstructing high-spatial-and-spectral-
resolution multispectral imagery by processing one or more piece of low-spatial-resolution multispectral
imagery with complementary information extracted from the high-spatial-resolution panchromatic
imagery or obtaining high-spatial-and-spectral-resolution multispectral imagery sequences from
multiple pieces of low-spatial-resolution observation imagery. At present, many pan-sharpening
methods have been proposed from different perspectives and can be generally divided into the following
three categories: Methods based on component substitution, methods based on multiresolution
analysis, and methods based on model optimization. Each method type has its own advantages
and disadvantages.

For the methods based on component substitution, the insight behind them is the use of projection
transformation (e.g., Gram–Schmidt [6], intensity-hue-saturation (IHS) [7], principal component
analysis (PCA) ([8,9]), Gram–Schmidt adaptive [10], and so on) to carry out one space transformation
where the spatial element and spectral element within the low-spatial-resolution multispectral imagery
are separated into different individual components. Subsequently, the spatial part derived from
the panchromatic imagery is injected into the original multispectral imagery to generate upgraded
multispectral imagery. Based on that idea, numerous relevant research studies have been presented.
For example, Rahmani et al. [11] developed image-adaptive coefficients and an edge-adaptive HIS
method to enhance the spectral quality of the upgraded multispectral imagery. Laben and Brower [6]
used Gram–Schmidt transformation to produce an enhanced-spatial-resolution multispectral digital
image. Aiazzi et al. [10] constructed a multivariate regression model to investigate and analyze the
spectral quality without diminishing the spatial quality. Yang et al. [12] exploited ripplet transform
and compressed sensing to improve the traditional HIS-based pan-sharpening method. Duran and
Buades [13] used principal component analysis domain transformation to split up both geometry and
chromaticity for imagery restoration, in which the geometry of panchromatic imagery conditionally
filters the chromatic parts, and then locally histogram-matched panchromatic imagery is used as a
substitution for the geometric part for spatial improvement. Although they can be easily conducted
and the resulting multispectral imagery has adequate spatial sharpness [14], these methods based on
component substitution usually exhibit the characteristic of remarkable spectral distortion because
they cannot be well matched in between due to the differences of the spectral ranges [10].

In regard to the methods based on multiresolution analysis (e.g., modulation transfer functions
(MTF)-generalized Laplacian pyramid [15], modulation transfer functions (MTF)-generalized Laplacian
pyramid with high pass modulation [16], smoothing filter-based intensity modulation [17], and so
on), the main purpose of the multiresolution decomposition is to detect the spatial component from
the panchromatic imagery, which is then embedded into the multispectral imagery for the spatial
enhancement after the multispectral imagery is interpolated. Aiazzi et al. [15] designed a multiscale and
oversampled structure to combine multispectral imagery with panchromatic imagery and supported
any input with an arbitrary number of bands. Kaplan and Erer [18] used an edge-preserving
decomposition to decompose the high-spatial-resolution panchromatic imagery. Then, the absent
high-frequency component was injected into low-spatial-resolution multispectral imagery while
decreasing the abundant details. Unlike the methods based on component substitution, these methods
based on multiresolution analysis are better adapted to maintain the spectral components in the
multispectral imagery due to the absence of a transformation operation [19]. However, it should be
noted that more serious spatial distortions derived from these methods based on multiresolution
analysis, such as ringing artifacts, might occur, which results in deteriorated visual effects in the
produced multispectral imagery.



Remote Sens. 2019, 11, 2606 3 of 17

Unlike the methods based on component substitution and the methods based on multiresolution
analysis, the imagery pan-sharpening task is generally formulated into the imagery restoration
issue through the methods based on model optimization, such as coupled nonnegative
matrix factorization [20], Bayesian HySure [21], Bayesian-Naïve Gaussian prior [22] and sparse
representation [23], based on the multispectral sensor observation models and the panchromatic
sensor observation models, as well as their correlations in between. Zhang et al. [24] investigated the
relationships between the observed low-spatial-resolution multispectral imagery and the corresponding
high-spatial-resolution panchromatic imagery by using the established imagery observation models.
On this basis, the inverse issue is solved by using the framework of maximum a posteriori probability,
where the trade-off between spatial information enhancement and spectral information retainment
from which the traditional pan-sharpening problem suffers is balanced. Li and Yang [25] formulated the
pan-sharpening task into a signal restoration problem with sparsity regularization from the views of the
compressed sensing problem, where the observation models from high- to low-resolution multispectral
imagery and high-resolution panchromatic chromatic imagery were studied using a linear sampling
approach. Li et al. [26] learned the dictionaries for high-spatial-resolution panchromatic imagery and
low-spatial-resolution multispectral imagery and calculated the high-spatial-resolution multispectral
imagery while retaining the spectral information by integrating the obtained sparse coefficients with the
dictionary learning theory. As a matter of fact, these methods based on model optimization enable the
fused multispectral imagery to enhance the spatial structures while retaining the spectral information.
Nevertheless, although they have produced good and robust performances, these methods based
on model optimization always rely on prior knowledge, such as the Laplacian [27] or sparsity [28]
prior, which is limited for practical applications. Obviously, the restoration performances of these
methods based on model optimization might degrade when the prior knowledge does not well match
the practical problems. Additionally, the handcrafted features, such as dictionary learning, generally
have the limitation of the representative capability, which is also one of disadvantages.

Recent studies have suggested that a convolutional neural network (CNN) has remarkable
representation ability for hierarchical pyramid architectures and has demonstrated superior
achievements in the computer vision field ([29–33]). The success of convolutional neural network
architectures primarily depends on the hierarchical data representation because different representations
can entangle and more or less hide the different explanatory factors of variation behind the
data [34]. For example, the multi-layer perceptron (MLP) is applied to natural image denoising [35]
and denoising after deblurring [36]. In addition, there have been several CNN-based imagery
super-resolution reconstruction methods. Dong et al. [36] presented an end-to-end framework for
imagery super-resolution reconstruction based on the proposed convolution neural network architecture.
The main goal of their developed end-to-end framework is to define the complex mapping between the
low-resolution imagery and the high-resolution imagery, and then the fused high-resolution imagery is
obtained as the output of the framework. Kim et al. [37] optimized the imagery restoration performance
using a developed recursive convolution network, which was deepened without new additional
parameters. Similar to the typical encoding–decoding architecture, Mao et al. [38] investigated the
relationships between low/high-resolution imagery in imagery restoration using a fully convolutional
network to achieve an end-to-end super-restoration recovery task. Tai et al. [39] were devoted to
defining a compact deep learning architecture without numerous parameters while increasing the
depth, which achieved superior performance. Stimpel et al. [40] used a local linear guided filter to
learn end-to-end super-resolution to reconstruct multimodal medical images. Molini et al. [41] fused
multiple unregistered images for super-resolution by integrating both spatial and temporal information.
Different from other studies, Liu et al. [42] incorporated non-local self-similarity operations, which many
classical methods have used, into a recurrent neural network to achieve an image denoising and
super-resolution task.

Although many studies regarding pan-sharpening have been conducted in recent years, the robust
and efficient fusion of panchromatic and multispectral images is still challenging due to the following
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aspects. First, although sparse representation-based pan-sharpening methods have appeared and
demonstrated superior performance, the handcrafted features are extracted as low-level visual features,
which are limited by their representative capability. Second, the potential assumption behind the
pan-sharpening methods is that remarkable spectral overlap exists between the corrupted and original
imagery. Nevertheless, among a variety of sensors, it is challenging to ensure that the bandwidth
range that both the panchromatic and multispectral channels cover is fully overlapped. For instance,
for Landsat 8, the bandwidth range of the panchromatic channels is 500–680 nm, while that of
multispectral channels covers 430–1380 nm. Hence, a complex fusion process is required to upgrade
the spatial details while preserving the spectral information to generate a fused image with high
fidelity, which needs to be defined and imitated using a learned highly nonlinear mapping.

To deal with the mentioned challenges from which the state-of-the-art pan-sharpening methods
suffer, this study presents a CNN-based pan-sharpening approach for representing the mapping
relationships such that a high-spatial-resolution multispectral imagery is produced while maintaining
the spectral information. Unlike the hand-crafted features, the proposed CNN-based architecture,
designed based on the previous work [43], relies on the hierarchical pyramid structure to combine
the low-level visual features with high-level semantic features, thus deriving more representative
and robust hierarchical features for reconstructing high-spatial-resolution multispectral images.
Moreover, the highly nonlinear fusion process can be effectively simulated by stacking several
linear filtering layers, where the loss function between the predicted output and the ground truth
is minimized to find the optimal solutions related to all of the involved parameters. As a result,
the learned highly nonlinear model can well match the complex mapping relationship [44] between
high-spatial-resolution panchromatic and low-spatial-resolution multispectral images to reduce
spectral distortion. The contributions of this paper are as follows: (1) To avoid annotating a large-scale
dataset and training the network from scratch, the CNN-based pan-sharpening method based on a
transfer learning strategy is proposed to produce high-spatial-resolution multispectral imagery while
maintaining the spectral information; and (2) both qualitative and quantitative experimental analyses
were carried out on images captured from Landsat 8’s on-board operational land imager (LOI) sensor
to verify the effectiveness and robustness of the proposed CNN-based architecture. Sensitivity analysis
of the involved parameters indicates the effects of parameters on the performance of our CNN-based
pan-sharpening approach.

The structure of this paper is organized as follows. Section 2 describes our proposed framework
in detail. Section 3 offers both qualitative and quantitative analyses through several experimental
results. Finally, this paper draws various conclusions and discusses future work in Section 4.

2. Proposed CNN-Based Pan-Sharpening Method

Targeting some problems from which the existing pan-sharpening methods suffer, such as the
lack of prominent details and the presence of blurred edges, a pan-sharpening method based on a
convolutional neural network model is proposed in this paper. By constructing the highly nonlinear
mapping relationships from the convolutional neural network model, the proposed CNN-based
architecture greatly enriches the feature dimension of high-resolution image aggregation and then
improves the details of the reconstructed image. Unlike the semantic segmentation, where the
ground truth can be provided to learn the super parameters in the CNN architectures, the required
high-spatial-resolution multispectral imagery is not available. Thus, the important assumption
behind the proposed CNN-based pan-sharpening method is that the complex mapping relationship
to be learned is identical at a lower- and higher-resolution scale [45]. Before introducing the
proposed CNN-based pan-sharpening method, a brief description of the symbols used in this
paper is first given to better explain the idea. gPAN (size: H ×W) denotes the panchromatic imagery,
gMS (size: H/scale×W/scale× S) denotes the multispectral imagery with S spectral bands, H denotes
the height of the image, W denotes the width of the image, scale is the resolution ratio between the
high-resolution band and the low-resolution band, and S denotes the number of bands.
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Figure 1 shows the workflow of the proposed CNN-based pan-sharpening method, which consists
of two main parts: The training stage and the testing stage. The training stage is to learn
the super parameters in our architecture in a supervised manner, while the testing stage is to
produce the high-spatial-resolution multispectral imagery through an average operator over the
predicted overlapping image blocks. A more detailed description regarding the proposed CNN-based
pan-sharpening method is provided in the following section.
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2.1. Pan-Sharpening Structure

As said earlier, the targeted high-spatial-resolution multispectral imagery is unavailable. From the
perspective of supervised learning tasks, it is considered as the ground truth for learning the super
parameters in the architecture. In our implementation, the input imagery needs to be preprocessed,
including low-pass filtering and downsampling, to consider the observed multispectral image as
the targeted imagery. As shown in Figure 2, the overall structure of pan-sharpening consists of
three parts: Feature extraction, nonlinear mapping relationship construction, and reconstruction.
After inputting the low-spatial-resolution multispectral imagery, it is consequently mapped into the
high-spatial-resolution one.

(1) Feature extraction. The main task is to extract image blocks overlapping from low-resolution
input images and express them with high-dimensional vectors, which is equivalent to convoluting
image blocks with a set of filters.

(2) Nonlinear mapping relationship construction. Nonlinear mapping transforms the feature vector
of the previous layer from the low-resolution space to the high-resolution space.

(3) Reconstruction. The overlapped high-resolution image blocks are averaged to produce the
final image.
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During the training procedure, the high-resolution panchromatic imagery is degraded into GPAN

(size: H/scale×W/scale), which is the same as the multispectral imagery gMS. Meanwhile, the original
multispectral imagery gMS is considered as the targeted imagery. Consequently, the degraded
panchromatic imagery and the original multispectral imagery are stacked as the training input data
G =

{
gMS, GPAN

}
. Both stochastic gradient descent (SGD) and backpropagation (BP) are utilized to

iteratively learn all of the parameters (W, b) in the network for optimal allocation.
Indeed, it is a difficult task to train an entire CNN from scratch because annotating a sufficiently

large training dataset is remarkably time-consuming and labor-intensive. Moreover, this process will
also increase the training time and sometimes even cause the network to not converge for complex
tasks. Hence, the idea of transfer learning, where a pretrained model is used as an initialization, is used
during training due to its impressive performance. Afterwards, the involved super parameters in
the proposed CNN-based pan-sharpening architecture can be finetuned using a stochastic gradient
descent algorithm. As a matter of fact, the loss function determines the quality of the proposed
CNN-based pan-sharpening architecture, which is usually described by the mean square error function.
The optimal solution for the involved super parameter configurations can be automatically generated by
minimizing the loss between the output of the network Ǵ = T(G) and the ground truth gMS. When the
MSE function between a reconstructed image and real image is the smallest, it is advantageous for
obtaining not only a higher peak signal-to-noise ratio but also the optimal parameter configurations.
Consequently, the loss function is defined as:

L(W, b) =
1
M

M∑
n=1

‖Fn − F̂n(W, b)‖2 (1)

where (W, b) is the set of all involved super parameters of the proposed CNN-based pan-sharpening
architecture and M represents the number of patches. In our implementation, randomness is alleviated
by using a momentum parameter while performing the stochastic gradient descent algorithm. Therefore,

(W, b)i+1 = (W, b)i + ∆(W, b)i = (W, b)i + µ·∆(W, b)i−1 − α·∇Li (2)

where µ denotes the momentum and α denotes the learning rate. Referring to the previous work [43,46],
the number of iterations is always 1.12× 106, and we set µ = 0.9 and α = 10−4, except for the last layer,
where we set α = 10−5.

2.2. Resnet-Based Architecture

As described above, nonlinear mapping refers to the process of mapping the extracted feature
maps to other high-dimensional feature maps. Better reconstruction results can be achieved by
deepening the network layers in the process of nonlinear mapping. However, with the increase of
hidden layers, the information transmitted back to the lower layer will become less and less. That is,
there will be a gradient explosion or disappearance, which results in the degradation of network
performance. Therefore, in our implementation, we use deep residual networks (ResNets) [47] as
the basic architecture because they take advantage of the skip connection to effectively address the
gradient vanishing problem during training.

For a deeper architecture, a set of layers is directly stacked to learn the desired mapping H(x).
As the number of layers increases, the gradient will gradually decrease during training because it is
difficult to fit the desired mapping H(x) by allowing a stack of layers. We can use a nonlinear transform
function to describe the input and output of a network; that is, the input is X, the output is F(x), and F(·)
usually includes convolution, activation, and other operations. Instead, it is replaced with F(x) + x by
setting a skip connection between the disconnected layers. In this case, the problem is formulated into
a residual function F(x) = H(x) − x. As long as F(x) = 0, the desired mapping H(x) is obtained. Figure 3
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shows the typical schematic diagram of identify mapping. Consequently, if those layers behind the
deep network are identical mappings, then the model degenerates into a shallow network.ISPRS Int. J. Geo-Inf. 2019, 11, x FOR PEER REVIEW 7 of 17 
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Figure 4 presents a flowchart of pan-sharpening fusion through the skip connection during the
training step. In our architecture, the total number of layers is L (experimentally set to 11), the lth layer
is a combination of filters Wl,k(hl ×wl ×Cl−1), where k = 1, 2, . . . , Cl, and one bias vector bl = (1×Cl).
C0 = 1× S and CL = S are determined by the specific data, i.e., the input imagery. Note that the rest of
the layers are experimentally 64 in quantity, and the size of the filter was set to 7× 7 throughout the
network via multiple experiments.
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3. Experimentation and Analysis

Both qualitative and quantitative experimental analyses were carried out on images captured from
Landsat 8’s on-board operational land imager (OLI) sensor to demonstrate the method’s performance.
In this section, a brief description of the experimental dataset and evaluation metric is first given.
We investigated the effects of network parameters on the pan-sharpening results to determine the
optimal configuration. Finally, quantitative evaluation was conducted on the simulated images, and it
is compared with several typical existing pan-sharpening algorithms (i.e., Brovey transform (BT) [48],
HIS [7], PCA [8], wavelet decomposition (WD) [49], P + XS [50], and guided filtering (GF) [51] methods)
and the PNN method [43], both visually and numerically.

3.1. Experimental Dataset and Evaluation Metric

Landsat 8 orbits the Earth in a near-pole solar synchronous orbit with an altitude of 705 km and
an inclination of 98.2 degrees. It circles the Earth every 98.9 minutes and covers it once every 16 days.
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The satellite is equipped with OLI and TIRS push-broom imagery, which can be used to acquire
remote sensing images in visible, near-infrared, and shortwave infrared spectral ranges. The OLI
imager follows the technology and experience of an advanced land imager and adopts the push-broom
structure design, which grants the OLI imager better geometric stability and better image quality than
Landsat 5/7’s imager with the swing-broom structure design. Compared with ETM + the imager of
Landsat 7, the OLI imager can obtain 12-bit remote sensing images with higher geometric accuracy
and higher signal-to-noise ratio. OLI collects image data from nine spectral bands (in this paper, used
as experimental data), while TIRS acquires data for two longwave thermal bands. Table 1 shows
the OLI spectral band information, primarily including wavelength and resolution. The OLI Land
Imager consists of nine bands with a spatial resolution of 30 meters, including a 15-meter panchromatic
band and an imaging width of 185 x 185 km. Moreover, OLI includes all bands of ETM + sensor
and readjusts the bands to avoid atmospheric absorption characteristics. The larger adjustment is
OLI Band 5 (0.845–0.885 um), which excludes the water vapor absorption characteristics at 0.825 µm.
The OLI panchromatic Band 8 band has a narrower band, which can better distinguish vegetation
from panchromatic images. In addition, there are two new bands: Blue and short-wave infrared.
The former, covering 0.433–0.453 µm, is mainly used for coastal zone observation, while the latter,
covering 1.360–1.390 µm, can be used for cloud detection because of the strong absorption of water
vapor. Indeed, near-infrared (i.e., band 5) and shortwave infrared (i.e., band 9) are close to the
corresponding bands of a moderate-resolution imaging spectroradiometer (MODIS).

Landsat 8 imagery can be easily searched and downloaded from the U.S. Geological service.
Figure 5 shows the positions of the experimental data just for visualization from Google Maps
(28 September 2016). All of the datasets we downloaded are from 2013–2018 with few clouds, and there
are different landcovers in each scene, such as lakes, roads, farmlands, and so on, to demonstrate the
effectiveness and robustness of the proposed method, especially at the junctions between landcovers.
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Table 1. The operational land imager (OLI) spectral band information.

Spectral Band Wavelength (nm) Resolution (m/Pixel)

Band 1—Coastal / Aerosol 433–453 30
Band 2—Blue 450–515 30

Band 3—Green 525–600 30
Band 4—Red 630–680 30

Band 5—Near-Infrared 845–885 30
Band 6—Short-Wavelength Infrared 1560–1660 30
Band 7—Short-Wavelength Infrared 2100–2300 30

Band 8—Panchromatic 500–680 15
Band 9—Cirrus 1360–1390 30

For the objective quantitative evaluation of the fusion results in this paper, three evaluation
metrics, including spectral angle mapper (SAM) [52], root-mean-square error (RMSE), and Erreur
Relative Globale Adimension Nelle de Synthse (ERGAS) [53], are used for quantitative evaluation.
More details regarding these evaluation metrics are given as follows:

(1) SAM reflects the similarity of spectral information between two vectors. If two vectors are Ii
and Ji, SAM is defined as

SAM
(
Ii, J j

)
= arccos(

〈
Ii, J j

〉
‖Ii‖·‖I j‖

) (3)

where Ii and Ji denote the reference image and the fused image vector of band i, respectively. 〈·, ·〉
denotes the inner product, and ‖·‖ denotes the vector l2-norm. The ideal value of SAM is 0, indicating
that there is no spectral distortion.

(2) RMSE expresses the error between the fused image and the reference image; that is, the smaller
the RMSE is, the closer the fused image is to the reference image (as defined in Equation (4)). Ideally,
RMSE is 0 if and only if the fused image is identical to the reference image.

RMSE(Ii, Ji) =

√
E[(Ii − Ji)

2] (4)

where E(·) denotes the mean of the image.
(3) Like RMSE, ERGAS is also used to reflect the integrity of spectral information preservation of

fusion results, and it is defined as follows:

ERGAS = 100
h
l

√√√
1
N

N∑
i=1

(
RMSE(Ii, Ji)

E(Ii)
)

2

(5)

where the RMSE is defined in Equation (4), N denotes the number of the band, h denotes the resolution
of panchromatic imagery, and l denotes the resolution of multispectral imagery. The range of ERGAS
values is [0,1]. The smaller the ERGAS value is, the more complete the spectral information of fusion
results is, and the higher the quality of fusion results is.

3.2. Implementation

As described earlier, original images are from Landsat 8’s on-board operational land imager
(LOI) sensor. In our experimentation, a set of small scenes from the original images are cropped
and provided for training, validating, and testing our proposed method. Each scene consists of
multispectral and panchromatic data. The multispectral imagery is stored at its original resolution
(400 × 400), which needs to be scaled up to the panchromatic resolution (800 × 800) in our task. More
specifically, 5000 scenes are cropped as our dataset, where 60% is for training, 30% is for validation,
and 10% is for testing. All of the experiments in this paper are conducted on a standard PC with
32 GB of RAM and a quad-core Intel Core i7-4800MQ CPU at 2.70 GHz under Ubuntu 16.04 using
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TensorFlow [54] in Python. For the computational time, we spend approximately 15 h training our
proposed CNN-based architecture, while it takes approximately 26 s on 400 × 400 imagery in the
multispectral domain.

3.3. Effects of Network Parameters on the Pan-Sharpening Results

As mentioned earlier, there are numerous involved parameters in the proposed CNN-based
architecture, which affects its performance. In this section, some of these primary parameters are
studied. In our implementation, the other parameters are fixed when one parameter is investigated.
The detailed experimental results are presented as follows.

3.3.1. Role of the Number of Training Epochs in the Pan-Sharpening Results

During training stages, one epoch represents that all samples in the training set have been
repeated once. To measure the role of the training epoch number in the pan-sharpening results, in our
implementation, it was set to 30, 60, 90, . . . , 270, and 300 with an increment of 30. Figure 6 shows
the performance fluctuation in ERGAS, RMSE, and SAM, suggesting the role of the training epoch
number. Note that, for each training epoch number value, we conducted the experiments 50 times,
for each of which the associated mean and variance of elevation metrics were calculated to better
demonstrate the performance and robustness of the proposed CNN-based pan-sharpening method.
From the experimental results, we can first conclude that the performance of the proposed method
became gradually better as the number of training epochs increased. Additionally, ERGAS, RMSE,
and SAM reached a maximum result at approximately 150 or less training epochs. It should be noted
that, after approximately 150 training epochs, all of the evaluation metrics, i.e., ERGAS, RMSE, and
SAM, changed only slightly, which suggests that the growing number of training epochs boosts the
performance of the proposed CNN-based pan-sharpening method to some extent but not perpetually.
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3.3.2. Role of the Number of Training Patches in the Pan-Sharpening Results

Like the training epochs, the training patch number is another important factor during the training
stage that affects the performance and robustness of the proposed CNN-based pan-sharpening method.
To measure the role of the training patch number in the pan-sharpening result, in our experiments,
it was set to 400, 800, 2800, and 3200, respectively, with an increment of 400. Figure 7 shows the
performance fluctuation in ERGAS, RMSE, and SAM, suggesting the role of the training patch number.
Note that, for each training epoch number value, we conducted the experiments 50 times, for each of
which the associated mean and variance of elevation metrics were calculated to better demonstrate the
performance and robustness of the proposed CNN-based pan-sharpening method. One conclusion
can first be drawn that the robustness and performance of the proposed CNN-based pan-sharpening
method are rarely affected by the training patch number. The reason might be that the training
procedure only requires a few training samples and that the network hypermeters were just finetuned
instead of from scratch (i.e., random initialization). Experiments demonstrated that, for all of the
training patch numbers, the performance differences in ERGAS, RMSE, and SAM are less than 0.15,
0.00015, and 0.08, respectively. Moreover, the fluctuation curves of the three metrics go up to the peak
value at approximately 1200, and similarly to the training epoch number, the result changes trivially
when the number of training patches grows.
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3.3.3. Role of the Size of Patches in the Pan-Sharpening Results

To evaluate the effect of the patch size on the proposed CNN-based pan-sharpening architecture,
it was set in our implementation to 4× 4, 8× 8, 12× 12, . . . , 40× 40. The effect of the size of patches
in ERGAS, RMSE, and SAM is summarized in Figure 8. Generally, the larger the size of patches is,
the greater the computational complexity is. Therefore, the size of patches should be as small as
possible on the premise of guaranteeing the performance. As shown in Figure 8, all of the evaluation
metrics and the computational cost were optimal when the size of patches was set to 12× 12.
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3.4. Comparison with Other Existing Methods, Quantitatively and Qualitatively

To further measure and verify the proposed CNN-based architecture, it was compared with
other typical existing pan-sharpening algorithms (i.e., Brovey transform (BT), HIS [7], PCA [8],
wavelet decomposition (WD) [49], P + XS [50], and guided filtering (GF) [51] methods) and the PNN
method [43]. For the traditional pan-sharpening algorithms, we chose them because they or their
variations are typical and frequently used methods in the pan-sharpening task, while for the deep
learning method, the previous work ([43]) is selected and used because it has a similar structure to
ours, but lower than ours. Because the ground truth is absent, the original panchromatic image was
spatially decimated, similar to the raw MS images. As a result, the raw multispectral images were
used as the ground truth for quantitative comparisons between different methods. As mentioned in
Section 3.2, 10% of our dataset was used for testing the proposed CNN-based method. For quantitative
analysis, Table 2 summarizes the statistical results among different methods, which are the average
values of all test scenes. The best performance is marked in bold font, and the second best is underlined.
The experiments suggested that the proposed CNN-based pan-sharpening architecture outperforms
other existing methods, with differences in ERGAS, RMSE, and SAM of 0.69, 0.0021, and 0.81 on
average, respectively. We can conclude that both the PNN method and ours are superior to other
existing traditional methods, which suggests that the CNN-based architecture can better represent
the nonlinear mapping relationships between the high-resolution panchromatic imagery and the
low-resolution multispectral imagery. Moreover, compared with the PNN method, our proposed
method achieves more promising results due to its deeper network structure.

Taking the different landcovers into consideration, we also qualitatively analyze the fused
results of different landcovers, such as farmlands, lakes, and roads. Figures 9–11 show visual
comparisons among different methods for different landcovers. Because there are a number of methods
for multispectral imagery visualization and each combination can highlight different properties,
Red: Band 4, Green: Band 3, and Blue: Band 2 are selected and used as a band combination for good
visualization. In a nutshell, it is apparent that, compared with other typical existing methods, the fusion
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results derived from the proposed CNN-based pan-sharpening architecture exhibit less spectral and
spatial distortion, especially at the junction between different landcovers.

Table 2. Comparison with other existing methods. The best performance is marked in bold font, and
the second best is underlined.

Methods ERGAS RMSE SAM

BT 3.531 0.0042 2.582
HIS 4.272 0.0074 3.420
PCA 4.589 0.0059 3.842
WD 3.652 0.0050 2.745

P + XS 4.746 0.0067 3.211
GF 3.236 0.0039 2.442

PNN 3.201 0.0036 2.299
Ours 3.199 0.0031 2.121
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network (CNN)-based pan-sharpening method for fusing panchromatic and multispectral images
to address the spectral and spatial distortions from which the other typical existing pan-sharpening
algorithms suffer. In our method, the highly nonlinear fusion process is formulated into the CNN-based
nonlinear mapping relationship. The highly nonlinear transformation can be effectively simulated
by stacking several linear filtering layers, where the loss function between the predicted output and
the ground truth is minimized to find the optimal solutions related to all of the involved parameters.
As a result, the CNN-based architecture effectively models the complex mapping relationships
between low-resolution and high-resolution multispectral images to reduce spectral and spatial
distortion. Experiments were conducted on images captured from Landsat 8’s on-board LOI sensor.
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