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a b s t r a c t
Spatial resolution enhancement is a pre-requisite for integrating unmanned aerial vehicle (UAV) datasets
with the data from other sources. However, the mobility of UAV platforms, along with radiometric and atmospheric distortions, makes the task diﬃcult. In this paper, various convolutional neural network (CNN)
architectures are explored for resolving the issues related to sub-pixel classiﬁcation and super-resolution
of drone-derived datasets. The main contributions of this work are: 1) network-inversion based architectures for super-resolution and sub-pixel mapping of drone-derived images taking into account their
spectral-spatial characteristics and the distortions prevalent in them 2) a feature-guided transformation
for regularizing the inversion problem 3) loss functions for improving the spectral ﬁdelity and inter-label
compatibility of coarser to ﬁner-scale mapping 4) use of multi-size kernel units for avoiding over-ﬁtting.
The proposed approach is the ﬁrst of its kind in using neural network inversion for super-resolution and
sub-pixel mapping. Experiments indicate that the proposed super-resolution approach gives better results
in comparison with the sparse-code based approaches which generally result in corrupted dictionaries
and sparse codes for multispectral aerial images. Also, the proposed use of neural network inversion,
for projecting spatial aﬃnities to sub-pixel maps, facilitates the consideration of coarser-scale texture
and color information in modeling the ﬁner-scale spatial-correlation. The simultaneous consideration of
spectral bands, as proposed in this study, gives better super-resolution results when compared to the
individual band enhancements. The proposed use of different data-augmentation strategies, for emulating the distortions, improves the generalization capability of the framework. Sensitivity of the proposed
super-resolution and sub-pixel mapping frameworks with regard to the network parameters is thoroughly
analyzed. The experiments over various standard datasets as well as those collected from known locations indicate that the proposed frameworks perform better when compared to the prominent published
approaches.
© 2018 Elsevier Ltd. All rights reserved.

1. Introduction
Spatial resolution enhancement of remote sensing images has
enjoyed the wide attention of researchers and is a pre-requisite
for the integration and processing of datasets from diverse sources.
Unlike other images, an increased spectral dimension (more than
one spectral band), along with the geometric and atmospheric effects, present additional constraints for the resolution enhancement of unmanned aerial vehicle (UAV) datasets. Among the two
different types of approaches relevant in this context, the superresolution techniques attempt the reconstruction of ﬁner-scale im-
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ages from coarser ones, whereas the sub-pixel mapping approaches
deal with the prediction of ﬁner-scale fractional classiﬁed maps.
Most
of
the
sub-pixel
mapping
methods
[42,45,46,56,58,65] predict the target scale distributions merely
based on fractional abundances, ignoring the coarser-level pixel
distributions. Prominent single image super-resolution methods
[5,13,24,39,61,64] approach the problem as an image transformation task where a feed-forward convolutional network is trained
to learn the mapping between low-resolution and high-resolution
image pairs. Although the effectiveness of CNN for image reconstruction is well established, the proper choice of network
architecture for resolution enhancement of multi-spectral aerial
images is still ambiguous.
While deep learning approaches seem to be computationally
complex, once trained, the execution times of these methods are
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comparable to the other approaches. Moreover, the signiﬁcant
improvement in accuracy as well as the effectiveness in modeling aerial-image features and handling distortions and artifacts,
motivate the use of deep convolutional architectures for processing drone-derived images. In this regard, we explore novel architectures for oﬄine super-resolution and sub-pixel classiﬁcation
of UAV datasets. In contrast to the recent CNN based strategies,
the network-inversion techniques [16,41,49,50] are employed to
model the spatial-spectral distributions across spatial-scales. This
approach is found to be faster, and better trainable, when compared to the other prominent deep-learning based techniques. In
addition, it avoids the bottleneck, due to increased input spectraldimension, prevalent in the sparse-coding-based approaches. This
study also explores the use of data augmentation, for emulating
the distortions and variations of drone-derived datasets, for improving the generalization capability of the proposed frameworks.
2. Related work
This section reviews the prominent work related to the proposed sub-pixel classiﬁcation and super-resolution strategies. In
addition to the recent super-resolution and sub-pixel mapping approaches, review of the recent convolutional architectures, loss
functions, and neural network inversion approaches is also presented. Based on the literature, the speciﬁc contributions of this
research and novelty of the framework with respect to the existing
approaches are discussed in Section 2.5.
2.1. Sub-pixel mapping
Most
of
the
recent
sub-pixel
mapping techniques
[42,46,58,59,65,77] attempt to optimize the spatial contiguity
of classes without considering their distributions at coarser scales.
Unlike these conventional strategies, geostatistical methods use
the correlation between ﬁner and coarser scale variograms to
predict the sub-pixel labels [6,30,62]. However, variogram based
approaches have poor generalization capability and mostly cause
artifacts at higher scale factors. In this regard, several machine
learning strategies such as genetic algorithm [57], Hopﬁeld
networks [56,63], feedforward neural networks [45] and CNNs
[7,10,12,39] have been employed. Among these, the CNN based
approaches [5,7,12,39] have reported the state-of-the-art results. In
their work, Arun et al. [5] used a pre-trained CNN for projecting
the fractional approximations (derived from the coarse image)
to ﬁner-scale classiﬁed maps. In a more recent work, Arun et al.
[7] employed CNN for simultaneous optimization of spectral
unmixing and mapping stages. Although these approaches yield
satisfactory results, overﬁtting of the network affects the outcomes,
which deteriorate further with the increase in scene complexity
and scale factor. Also, the inter-band misalignments and other
distortions affect the applicability of prominent sub-pixel mapping
methods on drone-derived images.
2.2. Super-resolution
Classical single image super-resolution techniques often cause
aliasing artifacts resulting in blurry outputs. Recently, various approaches, such as those based on local parametric regression [11,23,29,36], shape and texture modeling [1], recurrent patch learning [21,24,37,52,64], dictionary-based modeling
[9,47,66,67,71,72], and neural networks [5,6,12,34,38,39], have been
extensively explored for resolving these issues. Among these approaches, the CNN-based ones [12,34,38,39,61] illustrate the capability of CNNs in encoding the sparse-coding framework in an optimized manner. Nowadays, deeper networks are being explored for
improving both reconstruction accuracy and performance. Liebel

et al. [39] extended the work of Dong et al. [12] for remote sensing
images. However, most of these techniques cannot be extended to
the multispectral domain due to the increased computational cost,
and also because they ignore the simultaneous learning of spectral bands [25,27,28,40,73]. In the context of hyperspectral image
super-resolution, Dong et al. [13] yield satisfactory results. Relatively fewer attempts are seen on the super-resolution of dronederived images, particularly due to the multi-spectral nature of
data as well as the geometric and radiometric distortions due to
the mobility of UAV platforms.
2.3. CNN architecture and loss functions
Following
the
success
of
CNNs,
many
researchers
[20,26,33,51,53,54] have discussed the modeling of available
network architectures for different image transformation tasks. He
et al. [20] suggested the use of residual networks in which the
additive merging of signals is explored. Similarly, convolutional
inception architectures [53–55] allow the use of multi-size kernels
in the same convolution units. Recently, Szegedy et al. [54] proposed an improvement on the inception nets, where residual
connections are introduced between the inception units. However,
these advancements in residual and inception networks have not
been explored for super-resolution/sub-pixel classiﬁcation.
While most of the CNN-based single image super-resolution approaches use root mean squared error (RMSE) based loss functions,
Sajjadi et al. [48] illustrated that these functions generally result
in artefacts as they compute the mean of many possible solutions.
Recent studies [14,32] suggest that the shifting of loss computation from the image space to higher-level feature space results in
sharper reconstructions [32]. The use of generative adversarial networks [19], in which the generator network simultaneously learns
to fool a discriminator, has been thoroughly explored for various
image analyses [19,35,54,60,74]. Ledig et al. [35] illustrated that
the use of adversarial loss, in addition to the per-pixel losses, improves the reconstruction. The current study explores prominent
loss functions for improving the proposed frameworks.
2.4. Neural network inversion
The neural network inversion techniques [3,31,44,75] are generally employed for the reconstruction of original inputs from
corresponding network outputs. Recently, Dosovitskiy and Brox
[15] studied the various image representations by inverting them
with an up-convolutional neural network. Among the various features, the histogram of oriented gradients provided the best reconstruction. The authors also illustrated that the colors and rough
contours of an image can be reconstructed even from higher layer
activations. Xu et al. [69] proposed a deep learning architecture to
capture the characteristics of image degradation. Similar applications of network inversion have been explored in [16,41,49,50]. Inspired from these approaches, this study investigates the applicability of network inversion strategies for resolving the issues prevalent in sub-pixel mapping and super-resolution of aerial images.
2.5. Contribution
The current study focuses on CNN-based oﬄine sub-pixel classiﬁcation and super-resolution, speciﬁcally for drone-derived images. We illustrate that the conventional CNN architectures cannot
scale well for the enhancement of multispectral drone-derived images. In this regard, improved convolutional frameworks are proposed for sub-pixel classiﬁcation and super-resolution. As far as
we know, use of network inversion was not previously published
for these tasks. The basic hypothesis here is that since the coarsescale images can be regarded as convolved versions of the ﬁner-
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scale ones, the inversion technique can be utilized to learn the
reconstruction of the latter, as well as the ﬁner-scale fractional
maps, from the former. The proposed frameworks work well for
the cases even when the sparse-coding approaches fail to generalize the dictionaries and sparse codes. Also, the inversion technique avoids the bottleneck prevalent in sparse-coding strategies,
and scales well for multispectral as well as hyperspectral images.
Different atmospheric and geometric distortions are taken into account by augmenting the training datasets with different transformations to emulate these distortions. The applicability and advantages of inception and residual architectures, as well as network
inversion, in overcoming the inter-band geometric misalignments
are also investigated. Furthermore, the proposed super-resolution
approach better preserves the spectral ﬁdelity when compared to
the existing strategies. Unlike in Wang et al. [61], in this work, an
ensemble-based super-resolution strategy is simulated in a computationally optimal way by increasing the kernel diversity and extending the dropout concept for kernel selection. Additionally, an
optimal initial upscaling strategy is proposed instead of the direct
bi-cubic interpolation. This study also reviews the effect of available loss functions on both computational performance and accuracy of super-resolution and sub-pixel classiﬁcation frameworks.
3. Approach
Consider a multispectral UAV image Y with a spatial-resolution
(pixel size s × s), and let W be its high-resolution counterpart with
a pixel size r × r (r  s). The proposed sub-pixel mapping method
aims to generate from Y, a fractional classiﬁed image Ik (for each
class k) at a resolution r such that IK is similar to the actual
ground truth map (Ak ) derived from W. It should be noted that
the Ik denotes the classiﬁed map at a ﬁner resolution in which
only the kth class is labeled as 1, and all the other classes as
zero. It is different from the coarser resolution fractional image
(FK ) that gives the abundance fraction of the kth class at each
pixel. Unlike the sub-pixel mapping method, the proposed superresolution technique attempts to reconstruct a ﬁne resolution image (W’) from Y such that W’ and W are similar. The RMSE, computed between the reconstructed fractional class image (IK ) and its
corresponding ground truth (Ak ), is used as the loss function for
sub-pixel classiﬁcation. Similarly, for super-resolution, the network
attempts to minimize the inverse of average spectral similarity between the original high-resolution image (W) and its reconstructed
version (W’).
3.1. Dataset speciﬁcations
In this study, drone-derived images are used for training the
proposed frameworks. For this purpose, an experimental plot was
setup in the summer of 2015 in the Evogene Ltd. Farm (31.8833 N,
34.8437E, 80 m above mean sea level) near the city of Rehovot,
in the coastal plain of Israel. Twenty commercial maize hybrids
were planted in a total of 160 plots. The images were obtained on
July 27, 2015. The center of the ﬁeld was planted with sweet corn,
and all plots were surrounded by additional corn plants to avoid
border effects. The UAV was mounted with a 12-camera structure (MiniMCA12 of Tetracam Inc. Chatsworth, CA, USA) which captured the spectral information on a detector with 1280 × 1024 pixels. Eleven of the cameras captured the spectral bands centered
at 420, 440, 490, 550, 640, 670, 700, 740, 780, 860, and 910 nm
[22]. The twelfth camera, an incident light sensor (ILS), served as a
reference for estimating the relative reﬂectance values. The interband geometric registrations of these UAV images were conducted
using ground truth points and the feature shapes. In addition to
these datasets, standard hyperspectral airborne datasets are also

433

employed for comparing the proposed approaches with the existing ones.
3.2. Training and testing dataset generation
The UAV images as well as standard airborne datasets are classiﬁed using SVM to generate high-resolution classiﬁed maps. Also,
these images are down-sampled (using bilinear, bicubic, and nearest neighbor) at different scales to yield the corresponding coarser
resolution versions. The coarser images and their corresponding
high-resolution classiﬁed maps are used for training and testing
the sub-pixel classiﬁcation frameworks. Similarly, the coarser images and their corresponding high-resolution images are used for
training and testing the super-resolution frameworks. A subset of
the available datasets is augmented to simulate various distortions
and blurs prevalent in the drone-derived images. The main issues
with the drone-derived images, considered in this study, are the
distortions due to the pitch, roll and yaw vibrations. Furthermore,
changes in atmospheric conditions or ﬂight-height cause alternations in the scale as well as the spectral, spatial and radiometric
properties. In this regard, data transformations such as translation,
rotation, scaling, Gaussian noise, different blurring and smoothing
operations, minor inter-band misalignments, and generative adversarial network based augmentations [2,3,18] are employed. These
augmentations further help to increase the number of training and
testing samples, and also improve the generalization capability of
the network. A few of the augmentation and downscaling strategies adopted in this study are illustrated in Fig. 1. It may be noted
that, similar to other supervised learning strategies, the network
needs to be retrained when using for an entirely different topography as the approach proposed here is an oﬄine one. However,
transfer learning based approaches can be employed to facilitate
such adaptations.
3.3. Sub-pixel classiﬁcation
The proposed sub-pixel classiﬁcation approach is discussed in
detail in the following sub-sections. The Section 3.3.1 presents the
overall sub-pixel mapping algorithm while Sections 3.3.2 and 3.3.3
discuss the proposed architectures and the loss functions respectively.
3.3.1. Algorithm
The soft-SVM-based unmixing, proposed by Arun and Buddhiraju [4], is adopted to transform the input low-resolution image to
fractional abundance images (Fk for each class k). It may be noted
that, in order to reduce the inter-band geometric registration errors, the soft-classiﬁcation is implemented using higher level features (obtained from a trained CNN network). The rank images
(Rck ) are the ﬁner resolution approximations of the input lowresolution images. For each class k, the unconstrained rank image
Rk is obtained from the corresponding fractional abundance image (Fk ) by computing the weights (Wik ) at each sub-pixel location
i as:

Wik =

M


Fk ( j )e−(Di j +Gi j )

(1)

j=1

where M is the number of pixels in the neighborhood, FK (j) is
the fractional abundance of kth class at jth coarse pixel, Gij is the
feature-space distance between the value of the jth coarse pixel
and the coarse pixel corresponding to the ith sub-pixel, and Dij
is the distance between the centroid of the jth coarse pixel and
the sub-pixel position (i). The initial unconstrained rank image
(RK ), thus obtained, is then transformed to constrained rank image (RCk ) by setting the top ranked Qjk sub-pixels of each coarse
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Fig. 1. Illustration of a few blurring, augmentation, and downscaling (zoom factor = 3) operations adopted to train the proposed framework.

High-resolution fractional
classified images

Rank image from input
low-resolution image

Fig. 2. Convolutional neural network architecture-1for sub-pixel mapping.

pixel (j) to 1 and the rest to zero. Here, Qjk is estimated as:
Qjk = (Z)2 × FK (j) where Z is the zoom factor. The rank image (Rck )
derived from the simulated coarse image (Y) and the corresponding high-resolution fractional class image (AK ) derived from the
original high-resolution image (W) are used to train the network.
In other words, for each class k, the training pairs are of the form:
(Rck , Ak ).
Once the network is trained, the rank image (Rck ’ ) derived from
input coarse image (to be tested), is fed to the trained CNN to yield
the corresponding high-resolution fractional class image (IK ). Further, the distribution of labels in IK is reﬁned using the compatibility (C(μi ,μj )) between each pair of classes μi and μj , which is
computed as:

C (μi , μ j ) = P (μi |μ j )∀μi , μ j ∈ CL

(2)

where P(μi |μj ) is the conditional probability of the classes μi and
μj in the coarse image, and CL is the set of all classes. The labels whose average compatibility over the neighborhood is below
a threshold are replaced by the most frequently occurring ones in
their proximity.

3.3.2. Architecture
As discussed, the architectural choice for sub-pixel classiﬁcation
should consider the feature interpolation as well as the generalization of spatial distributions across scales. To start with, a simple feed-forward four-layer CNN (Fig. 2), that projects the input
rank image to corresponding ﬁner-scale fractional classiﬁed maps,
is adopted. The random-search-based hyper-parameter optimization approach, proposed by [8], is adopted to ﬁnd the appropriate
values of various network parameters. In this regard, the optimal
kernel sizes are found to be 5 × 5 in the ﬁrst, 3 × 3 in the second,
1 × 1 in the third, and 5 × 5 in the fourth layer. Similarly, the optimal number of ﬁlters in the ﬁrst, second, third, and fourth layers
are set to be 32, 24, 12, and 1, respectively. Experiments, on various
datasets over different scale factors, indicate that the architecture
does not give satisfactory results.
The artifacts resulting from the lack of regularization, in the
above architecture, is resolved by introducing an additional stream
for learning the features. The reﬁned architecture is shown in
Fig. 3. The additonally introduced feature-stream (stream-1),
reduces both the convergence time and artifacts, and also provides the required regularization. Here, stream-1 comprises a
convolution-deconvolution network for super-resolving the fea-
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Stream 1
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Stream 1
Input lowresolution
image

Stream 2

Input lowresolution image

Rank image
derived from input
low-resolution
image

Stream 2

Inceptionresidual convdeconv blocks

Rank image from
input lowresolution image

Inceptionresidual conv.
blocks

Inception-residual conv.
blocks

Stream 3

High-resolution fractional
classified images

Fig. 3. Convolutional neural network architecture-2 for sub-pixel mapping.

Stream-3

High-resolution fractional
classified image

Fig. 4. Convolutional neural network architecture-3 for sub-pixel mapping.

Filter concat
tures (such as convolutional features or histogram of oriented
gradients or edges), in parallel with the regular stream (stream-2),
so as to ensure proper interpolation. It may be noted that, in this
work, the convolutional features derived from the input coarse
image are used as regularizing features. Among the four layers
in stream-1, the ﬁrst two are convolution layers, and the rest are
deconvolution layers. In stream-2, the rank image derived from
fractional coarse image is subjected to a series of convolutions.
Finally, outputs from both the streams are stacked and inverted
using stream-3 convolution ﬁlters to generate the required ﬁnerscale classﬁed maps (Ik ). The network uses the mean squared
error between Ik and Ak as the loss function, which is minimized
using the standard backpropagation. Also, leaky rectiﬁed linear
units (ReLu) [68] are used as activation functions in which the
leaky parameter is tuned and set to 1/3.
It may be noted that instead of deriving features from the upscaled coarse image, here the upsampling of input features is implemented indirectly using the convolution-deconvolution stream
(stream-1). This approach improves the accuracy and considerably
reduces the artifacts. The deconvolution is formulated as upsampling followed by convolution, and upsampling is implemented by
replacing each value with a block having original value in the center and zero in all the other entries. The convolution-deconvolution
stream (stream-1) has kernel sizes of 3 × 3 in the ﬁrst, 3 × 3 in the
second, 5 × 5 in the third, and 5 × 5 in the fourth layer. The numbers of ﬁlters in these layers are set to be 12, 24, 12, and 6, respectively. Similarly, the convolution stream (stream-2) has kernel
sizes of 5 × 5 in the ﬁrst, and 3 × 3 in both second and third layers.
The ﬁlter numbers are 128, 64, and 32, respectively. The stream3 convolution network has kernel sizes of 3 × 3, 1 × 1, and 5 × 5
in the ﬁrst, second and third layers, respectively. The 1 × 1 layer
provides non-linear mapping from low-resolution representation to
high-resolution ones. The numbers of ﬁlters in these layers are set
to be 32, 24, and 1, respectively. As in the case of architecture1, here also the optimal network parameters are selected using the hyper-parameter optimization proposed by Bergstra
et al. [8].
Although the learning capability is improved, the required optimal network-depth is found to be sensitive to both the scale
factor, and the scene complexity. Furthermore, the convergence
time is very high for high scale factors (Z > 2). In this regard, the

k × k conv

k-i × k-i conv

Upscale

Upscale

Previous layer
Fig. 5. Basic deconvolution block for stream-1 of architecture-3 (given in Fig. 4).

Filter
t
k+2 × k+2

1 × 1 conv

k × k conv

1 × 1 conv

k-i × k-i

1 × 1 conv

Prev. layer
Fig. 6. Basic convolution block for streams-1 and 2 of architecture-3 (given in
Fig. 4).

simple convolution and deconvolution units, used in the previous
architectures (architectures-1 and 2), are replaced by inceptionresidual blocks. The resulting architecture simulates the inception
networks and is shown in Fig. 4. Instead of directly adopting the
inception-residual block [54], which is meant for classiﬁcation, it
is modeled for streams-1, 2, and 3 as presented in Figs. 5–7. These
blocks constitute multiple convolutional units with different-sized
kernels. The diversity of kernels increases the learning capability and also reduces the required optimal depth (as compared to
architectures-1 and 2). Both the kernel size (k & i) and the num-
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ReLu

+
1 × 1 conv

Ik
k × k conv

k-i × k-i

1 × 1 conv

1 × 1 conv

Prev. layer
Fig. 7. Basic convolution block for stream-3 of architecture-3 (given in Fig. 4).

ber of ﬁlters in each unit are changed accordingly for each layer.
In the whole implementation, i varies from k to 3. As in the case
of architecture-2, a four-layer convolution-deconvolution network
(stream-1), with k as 7, 7, 5, and 5, respectively, is used. The
number of ﬁlters in the convolution and deconvolution units of
ﬁrst, second, third and fourth layers are set to 6, 8, 6, and 6, respectively. The stream-2 is formulated as a three-layer convolution
stream with k = 5 in all layers, and the numbers of ﬁlters are set
to 6, 8, and 6, respectively. For stream-3, a three-layer network is
used with the number of ﬁlters in the respective blocks set as 8, 8,
and 1. The settings are mostly similar to architecture-2 for ease of
comparison.
Generally, for sub-pixel classiﬁcation, cross-entropy based loss
functions are minimized to ﬁnetune the network. In this study, an
additional loss function (LMC ) is proposed to address the misclassiﬁcation, i.e.,



LMC = 10

−1

× no : o f (values > 1 )in

E




FC

(3)

C=1

where Fc is the reconstructed fractional classiﬁed image of cth
class, and E is the number of classes. The proposed misclassiﬁcation loss helps to prevent the same sub-pixel from being assigned
to different classes.
3.4. Super-resolution
This section discusses the proposed super-resolution algorithm (Section 3.4.1) and also details the evolution of the
proposed architecture (Section 3.4.2). It may be noted that the
algorithm is generic but the architecture is speciﬁc to the multispectral/hyperspectral drone-derived/airborne datasets.
3.4.1. Algorithm
The simulated coarse image (Y) and its corresponding ﬁne resolution version (W) are used for training the super-resolution
framework, i.e., here the training pairs are of the form (Y, W). The
trained network is then fed with the input coarse image (Y’ ) so
that each band is reconstructed to generate the high-resolution
image (W’). It may be noted that in the proposed approach, all
the bands are reconstructed simultaneously considering the spectral aspect of the image. This simultaneous learning yields better results than the individual-band-based enhancement. Also, unlike the previous approaches, upsampling is performed within the
convolution-deconvolution network rather than using a bilinear
version of the input.

3.4.2. Architecture
The network architectures for super-resolution are similar to
those for the sub-pixel classiﬁcation. The simple layer architecture similar to that shown in Fig. 2 did not yield the expected
results (results were smoother and blurrier due to lack of regularization). Hence, the three-stream architecture similar to that in
Fig. 3 is used. However, in contrast to the sub-pixel classiﬁcation,
two convolution-deconvolution streams (stream-1&2) are used in
parallel followed by a convolution stream (stream-3). In the current implementation, the network parameter settings are tuned
for 11 bands using the hyper-parameter optimization discussed in
Bergstra et al. [8]. The streams-1 and 2 convolution-deconvolution
units have kernel sizes of 7 × 7 in the deconvolution phase and
5 × 5 in the convolution phase. The number of ﬁlters in these layers are set to be 32, 64, 128, 64, 32, and 16, respectively. Similarly,
the stream-3 convolution layers have kernel sizes of 5 × 5 pixels in
the ﬁrst, 1 × 1 pixels in the second, and 5 × 5 pixels in the third
layer. The number of ﬁlters in these layers are set to be 11.
The stream-1 convolution-deconvolution units transform
the features to a ﬁner spatial-scale. Similarly, the stream-2
convolution-deconvolution units are employed to project the
coarser image to a target-scale. Further, the stream-3 convolution units invert the upsampled feature (from stream-1) and
perceptual image representation (from stream-2) to the required
super-resolved image. The inversion implemented using streams-1,
2, and 3 facilitate the mapping of features, as well as the color
information, to a ﬁner spatial-scale. Also, since the proposed
inversion is implemented in a convolutional latent space, the
approach can better model the underlying manifold of a given set
of data. Unlike individual band enhancements, here all the ﬁlters
convolve all the bands, thus enabling multidimensional learning,
improving the spectral ﬁdelity. Moreover, in order to minimize
the effect of inter-band geometric mismatches (due to the unstable UAV platform), the inter-band mixing is proposed at higher
layers.
Although the approach yields satisfactory results, it introduces
artifacts for higher scale factors. Moreover, learning is found to
be dependent on the network depth, thereby affecting the computational eﬃciency. These issues can be resolved by using the
inception-residual blocks, given in Figs. 5–7, instead of simple
convolution and deconvolution units. In this regard, the threestream architecture (similar to the one in Fig. 3) is reﬁned to
yield the ﬁnal super-resolution architecture (architecture-3) presented in Fig. 8. The basic inception-residual blocks are similar to
those shown in Figs. 5–7, except that both stream-1 and stream2 are convolution-deconvolution streams. In this study, four-layer
stream-1 and stream-2 networks are used with the value of k set
to ﬁve in each. Also, the numbers of ﬁlters are set to be 64, 128,
64, and 32. For the stream-3 of depth three, k is set to ﬁve and
the numbers of ﬁlters are set to 16, 8, and 11. The approach considerably reduces the artifacts and improves the perceptual appearance at a lower number of iterations. An ensemble version of the
proposed framework, inspired by Wang et al. [61], is simulated by
improving the kernel diversity and randomly selecting a subset of
kernels.
4. Analysis of the super-resolution framework
In this section, various proposed super-resolution architectures, as well as the state-of-the-art techniques, are compared.
In addition, variation in the accuracy of the proposed method
with respect to the network parameters is analyzed. The average
RMSE computed between each reconstructed band and its original
high-resolution version is used as a performance measure. However, as discussed previously, the perceptual resemblance cannot
be expressed using these measures. Hence, the kappa statistics

P.V. Arun, I. Herrmann and K.M. Budhiraju et al. / Pattern Recognition 88 (2019) 431–446

437

Stream 1

Stream 2

Features derived from input
low-resolution image

Input lowresolution image

Inceptionresidual convdeconv
blocks

Inceptionresidual convdeconv blocks

Inception-residual convdeconv blocks
Stream 3

Super-resolved Highresolution image

Fig. 8. Convolutional neural network architecture-3 for super-resolution.
Table 1
Comparison of super-resolution architectures.
Method

Scale

RMSE

Kappa statistics

MS-SSIM

FSIM

Overall accuracy (%)

Exec. time (sec.)

Arch-1

2
3
4
2
3
4
2
3
4

0.31
0.37
0.54
0.19
0.25
0.32
0.14
0.20
0.39

0.96
0.96
0.94
0.97
0.97
0.96
0.99
0.98
0.98

0.8419
0.8031
0.7841
0.8718
0.8404
0.8239
0.9176
0.9093
0.8865

0.8136
0.7617
0.7205
0.9161
0.8963
0.8870
0.9218
0.9056
0.8934

96.26
95.67
93.85
98.53
97.82
96.71
99.45
98.28
97.65

42
78
113
94
119
156
123
197
251

Arch-2

Arch-3

and overall accuracy of the classiﬁed maps (generated from the
reconstructed images), along with the multiscale structural similarity index measure (MS-SSIM), and the feature similarity index
measure (FSIM), are employed. Throughout the experiments, the
mini-batch size for training is set to 200; momentum and weight
decay for the backpropagation are set to 0.8 and 10−3 respectively
(obtained through cross-validation); the learning rate is initially
set to 0.6 and is depreciated by a factor of 4 after every 50 epochs.
All the models are analyzed for 200 epochs.

scale factors, and different network parameter settings, yielded
similar trends. The ensemble-based modiﬁcation of the proposed
approach improves the results but at the cost of increased running
time. It is found that the cascaded implementation of the superresolution models, for higher zoom factors, is not suitable for multispectral UAV images; hence the proposed approach of deconvolution should be preferred.

4.1. Architecture

A summary of the analysis of the loss functions is presented
in Table 2. It may be noted that the presented results are for
architecture-3, while other architectures also yield similar results.
The generative-adversarial and perceptual domain based loss functions gave better results than the conventional MSE-based approaches. However, the computational expenses of the former are
higher when compared to the latter. The effects of these functions are better reﬂected in the values of MS-SSIM, and FSIM

Comparison of the three proposed super-resolution architectures is summarized in Table 1. The network parameter settings corresponding to these results are in accordance with the
Section 3.4.2. Although architecture-2 gives good results, both the
convergence time, and the perceptual appearance of the results
of architecture-3, are better. Repeated experiments over different

4.2. Loss functions
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Table 2
Analysis of loss functions for proposed super-resolution method.
Method

Scale

RMSE

Kappa statistics

Overall accuracy (%)

MS-SSIM

F-SIM

Exec. time (sec.)

RMSE

2
3
4
2
3
4
2
3
4
2
3
4

0.16
0.24
0.41
0.12
0.21
0.35
0.08
0.17
0.24
0.06
0.15
0.19

0.98
0.96
0.95
0.98
0.98
0.97
0.99
0.98
0.97
0.99
0.98
0.98

98.14
97.49
96.21
99.49
98.37
97.72
99.73
98.52
97.96
99.82
99.06
98.57

0.9146
0.9028
0.8816
0.9217
0.9104
0.8919
0.9348
0.9286
0.9050
0.9468
0.9315
0.9208

0.9207
0.9041
0.8897
0.9296
0.9104
0.9012
0.9459
0.9281
0.9204
0.9497
0.9346
0.9217

103
147
211
147
212
234
191
234
280
221
266
307

Peak signal to noise ratio (PSNR)

Perceptual loss using visual geometry group network features

Generative-adversarial loss

Fig. 9. Illustration of variation in accuracy with number of layers in stream-1 for super-resolution architecture-3 (given in Fig. 8).

than RMSE. Hence, it can be concluded that the overall accuracy,
kappa statistics, MS-SSIM, and FSIM are better estimates for perceptual accuracy. Also, experiments over different datasets indicate
that the use of spectral dissimilarity loss (inverse of the average
spectral similarity between the original and the reconstructed images) along with the above loss functions signiﬁcantly improve the
results.

accuracy which soon reaches saturation. Generally, the computational expenses increase exponentially with the increase in network depth. The variation in accuracy with the depth of different
network-streams for architecture-3 is illustrated in Figs. 9 and 10.
It is observed that the optimal depth depends on the scale factor,
scene homogeneity, as well as the number of bands for which the
network is tuned.

4.3. Depth of the networks

4.4. Size and number of ﬁlters, diversity of kernel sizes

The analysis of various architectures over network depth reveals that both the performance, and the accuracy, vary with the
depth. Speciﬁcally, for architecture-1, the convergence time and
the accuracy are highly sensitive to the number of layers. However, architecture-2 and 3 give comparatively better stability. In
all the architectures, an increase in the number of convolutiondeconvolution layers improves the accuracy to a limit beyond
which it gradually deteriorates. The depreciation is much slower
in architecture-3 when compared to the others. This can be attributed both to the use of multi-sized kernels (kernel diversity)
and to residual learning, which improves the learning capability.
The increase in the depth of stream-3 only slightly improves the

In all the architectures, an increase in the number of ﬁlters improves the accuracy but increases the running time. Hence an optimal choice depends on the tradeoff between both. However, in
contrast to the earlier ﬁndings reported by Dong et al. [12] and
Liebel et al. [39], the increase in the ﬁlter size (particularly in
streams-1 and 2) improves the accuracy only to a certain limit.
This can be attributed to the inability of the network in learning smaller features. Hence, the optimal ﬁlter size should be determined with reference to the scene homogeneity/complexity.
Analysis of the variation in accuracy of the proposed framework
(architecture-3), with respect to the size and the number of ﬁlters, is summarized in Figs. 11 and 12. Experiments also indicate
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Fig. 10. Illustration of variation in accuracy with number of layers in stream-3 for super-resolution architecture-3 (given in Fig. 8).

Fig. 11. Illustration of variation in accuracy with size of ﬁlters for super-resolution architecture-3 (given in Fig. 8).

that the increase in the diversity of kernel sizes improves the accuracy and yields better stability and reconstruction, even at shallower depths.
4.5. Regularizing features
All the architectures show a similar trend with the increase in
the number of regularizing features, i.e., both the accuracy and
the execution time increase almost exponentially. The trend of the
variation in accuracy for architecture-3 is depicted in Fig. 13. It

may be noted that the number of ﬁlters and the kernel diversity
may be increased to maintain the pace of these improvements.
From Table 3, it is evident that, among the various features, histogram of oriented gradients provides the best reconstruction, followed by Gabor.
4.6. Fine-tuning of existing networks
The available networks (super-resolution convolutional neural networks (SRCNN), visual geometry group network, and
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Fig. 12. Illustration of variation in accuracy with size of ﬁlters for super-resolution architecture-3 (given in Fig. 8).

Fig. 13. Illustration of variation in accuracy with number of input features for super-resolution architecture-3 (given in Fig. 8).

Table 3
Analysis of input features for super-resolution.
Method

Scale

RMSE

Kappa statistics

Overall accuracy (%)

MS-SSIM

F-SIM

Exec. time (sec.)

Edges

2
3
4
2
3
4
2
3
4
2
3
4

0.14
0.20
0.39
0.05
0.09
0.13
0.07
0.12
0.18
0.12
0.15
0.26

0.99
0.98
0.98
0.99
0.98
0.98
0.98
0.97
0.96
0.98
0.96
0.96

99.45
98.28
97.65
99.53
98.84
98.17
99.21
98.05
97.64
99.18
97.93
97.21

0.9176
0.9093
0.8865
0.9404
0.9239
0.9063
0.9298
0.9140
0.8963
0.9057
0.8941
0.8706

0.9218
0.9056
0.8934
0.9347
0.9183
0.9027
0.9301
0.9124
0.8869
0.9017
0.8943
0.8862

123
197
251
184
217
253
162
199
234
135
197
242

Histogram of oriented gradients

Gabor Filters

Harris Corner Detectors

P.V. Arun, I. Herrmann and K.M. Budhiraju et al. / Pattern Recognition 88 (2019) 431–446

441

Table 4
Comparative analysis of the proposed super-resolution method.
Method

Scale

RMSE

Kappa statistics

Overall accuracy (%)

MS-SSIM

F-SIM

Exec. time (sec.)

Proposed

2
3
4
2
3
4
2
3
4
2
3
4
2
3
4

0.18
0.20
0.39
0.12
0.14
0.26
0.85
1.04
1.57
0.21
0.28
0.32
0.65
1.28
1.73

0.99
0.98
0.97
0.99
0.99
0.98
0.94
0.91
0.87
0.98
0.98
0.97
0.93
0.92
0.90

99.45
98.28
97.44
99.51
99.04
97.89
96.29
93.48
92.56
98.17
97.93
97.76
94.45
92.29
89.61

0.9176
0.9093
0.8865
0.9340
0.9168
0.8901
0.8826
0.8591
0.8315
0.9117
0.8964
0.8738
0.8429
0.8134
0.7910

0.9218
0.9056
0.8934
0.9451
0.9236
0.9068
0.9022
0.8968
0.8324
0.9106
0.8851
0.8680
0.8739
0.8516
0.8329

123
197
251
218
274
316
269
332
417
315
382
429
96
152
205

Proposed (ensemble version)

SRCNN∗ (Liebel et al., [39]

Wang et al. [61]

Dong et al. [13]

GoogLeNet) cannot be modeled directly for the proposed superresolution framework. The remodeled SRCNN, with only the
stream-3 architecture, does not yield the expected results. In addition, fully convolutional versions of the conventional networks are
also investigated. Although these networks perform better than the
modiﬁed SRCNN, they still are not comparable with the proposed
one. The individual reconstruction of bands using these networks is
also tested; however, the results are worse than those of the previous experiments. Retraining of the proposed networks with the
MIT place dataset [78] shows a better performance at lower scale
factors.
4.7. Comparison with the state-of-the-art
A comparative analysis of the proposed approach (architecture3) with the state-of-the-art is summarized in Table 4. An illustration of these results is presented in Fig. 14. As is evident, the
proposed method gives better accuracy. It is observed that the simultaneous learning of bands better enhances the reconstruction
capability, in contrast to the individual band enhancements. Also,
when compared to the conventional approach of using an upsampled image as input to the CNN, the proposed approach of using
a higher-level feature space, for upsampling, improves the results.
Most importantly, the sparse-coding-based strategies give limited
results for datasets in which the classes (objects) lack regular spatial structures. The proposed framework projects the images to
ﬁner spatial grids even when the sparse-coding assumptions are
not satisﬁed. Furthermore, the approach removes the blur as well
as other distortions prevalent in the UAV images. The multi-sized
kernels, used in the proposed architectures, effectively model the
diverse features and also improve the sparse representations. This
further helps to recover the mixed features which even the sparserepresentation-based approaches are not able to model. The higher
Kappa and F-SIM values of the proposed method, presented in
Table 4, indicate that the mixed pixels are properly super-resolved.
The UAV datasets used in this experiment cover the vegetation
and urban classes, and the proposed approach is found to be effective for such land covers. The better performance of the approach
can mainly be attributed to the regularized inversion, which models the mapping of spatial features as well as the color information.
Although an ensemble-based modiﬁcation of the proposed framework, based on Wang et al. [61], improved the results, its applicability is limited for inputs with fewer spectral bands. However,
parallelization of different streams can be exploited to considerably reduce the running time.
The absence of standard UAV datasets limits the comparative
analysis of the proposed approach with prominent approaches.
However, to illustrate the better performance of the proposed

approach, a comparative evaluation of the same over standard
datasets is presented in Table 5. The average RMSE, Kappa,
MS-SSIM, and F-SIM values on airborne datasets such as Indian
Pines, Salinas, Cuprite, Pavia and KSC illustrate that the approach
performs better over various types of data. The sparse-codingbased approaches often suffer from bottleneck as the spectral
dimension of the input increases; however, the proposed framework scales well, even for hyperspectral datasets. Experiments indicate that the proposed framework better preserves the spectral
ﬁdelity (better value of spectral similarity measure in Table 5) of
the super-resolved results when compared to the conventional approaches. This illustrates the capability of the proposed spectral
information based loss function as well as the feature-guided inversion in properly mapping the color information. Currently, like
any other supervised approaches, the proposed framework needs
to be retrained in order to be employed for an entirely different
terrain. However, advanced data augmentation and multiple downscaling strategies, discussed in Section 3.2, improves generalization capability. Drone-derived images from different terrains, covering more land cover classes other than vegetation, can be used
to analyze the universality of the approach. The spectral-spatial
prior derived from the coarse image can be employed to reﬁne
the super-resolution result to improve the universality. In addition, neighborhood-frame-based transfer learning strategy can be
explored as well.
5. Analysis of the sub-pixel classiﬁcation framework
In this section, the performance of the proposed sub-pixel mapping framework (discussed in Section 3.3) is analyzed in the context of drone-derived images. Throughout the experiments, the
mini-batch size for training is set to 200; momentum and weight
decay for the backpropagations are set to 0.4 and 10−3 respectively
(obtained through cross-validation); the learning rate is initially set
to 0.7 and is depreciated by a factor of 4 after every 50 epochs. All
the models are analyzed for 200 epochs.
5.1. Comparison with the state-of-the-art
The proposed approach (architecture-3) is compared with the
state-of-the-art sub-pixel classiﬁcation methods over different
scale factors (3, 2, and 4), and the results are summarized in
Table 6. The high-resolution fractional classiﬁed map of each class
is compared with its corresponding ground truth to estimate the
RMSE. Also, to better analyze the perceptual resemblance, the average classiﬁcation accuracies (in terms of Kappa statistics and overall accuracy) are also estimated. As is evident from Table 6, the
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Fig. 14. Results of proposed super-resolution architecture-3 (given in Fig. 8).
Table 5
Comparative analysis of the proposed super-resolution method over standard airborne datasets.
Method

Scale

PSNR

MS-SSIM

Kappa statistics

Avg. spectral similarity

Exec. time (sec.)

Bi-cubic

2
3
4
2
3
4
2
3
4
2
3
4

19.84
17.62
16.21
31.91
28.35
26.78
33.90
32.66
31.07
37.12
35.81
35.04

0.7356
0.7118
0.7265
0.8651
0.8439
0.8394
0.9205
0.9076
0.8897
0.9847
0.9315
0.9214

0.79
0.77
0.73
0.92
0.90
0.89
0.94
0.94
0.92
0.97
0.96
0.96

0.8742
0.8685
0.8503
0.9480
0.9472
0.9464
0.9591
0.9537
0.9518
0.9905
0.9872
0.9816

28
32
41
280
318
374
239
278
306
123
197
251

Dong et al. [13]

Fu et al. (2017)

Proposed approach

Table 6
Comparative analysis of the proposed sub-pixel classiﬁcation method.
Method

Scale

RMSE

Kappa statistics

Overall accuracy (%)

Exec. time (sec.)

Proposed method

2
3
4
2
3
4
2
3
4
2
3
4

0.07
0.13
0.17
0.26
0.34
0.42
0.10
0.19
0.28
0.12
0.24
0.35

0.98
0.97
0.97
0.92
0.89
0.86
0.97
0.96
0.95
0.96
0.94
0.91

99.16
97.12
97.05
92.65
91.81
88.13
98.05
96.44
93.96
97.31
96.38
92.16

58
91
123
39
65
104
79
137
186
71
118
162

Indicator Co-Kriging based method [6]

CNN based method [7]

CNN method [5]
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Table 7
Class wise accuracy comparison.
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5.2. Network parameter setting

#

Class

No. of samples

Avg. accuracy

1
2
3
4
5
6
7
8

Road
Meadows
Agriculture land
Plantations
Forest
Bare Soil
Water
Vehicle

6631
18,649
2099
3064
1345
5029
1330
100

98.12
99.07
98.91
99.43
96.06
98.71
10 0.0 0
99.94

proposed framework outperforms the prominent sub-pixel mapping approaches. While the other approaches merely optimize the
spatial contiguity, the proposed framework models the mapping
between coarser and ﬁner scale distributions of classes. In addition, it strives to interpolate the feature information. It should be
noted that the architecture-3, adopted here, is not fully optimized
towards computational performance. However, the execution time
is still comparable with the other approaches, and parallelization
can be explored to further reduce the same.
In order to further analyze the proposed approach, the average class-wise accuracies, over UAV datasets, are summarized in
Table 7. For most of the classes considered, producer and consumer
accuracies of the proposed approach are found to be better than
the others. Signiﬁcant improvements, in comparison with the existing approaches, are observed for the detection of urban as well
as other topographical features. The better results can be attributed
to the ability of the approach in capturing the spatial topologies
and textures inherent in the land-cover classes. Also, the neighborhood consideration facilitates the resolution of blurred or distorted
edges and other features. The boundaries of agricultural ﬁelds as
well as the crop-separations are successfully captured from even
blurred images. Also, the regularized inversion ensures the proper
mapping of color information which is evident from the correct
classiﬁcation of even the classes having random patterns or textures (e.g. Forests and Meadows).
Due to the unavailability of standard UAV datasets, for comparative evaluation, the airborne datasets such as Indian pines, Salinas, Pavia, Cuprite and KSC were employed. The average kappa
statistics, overall accuracy and Earth mover’s distance for different prominent approaches, over these datasets, are summarized
in Table 8. A graphical illustration of the comparison is provided
in Fig. 15. As is evident, the proposed approach performs better when compared to the other approaches irrespective of the
land cover. These experiments conﬁrm the ability of the framework
in simultaneously mapping the color and the feature information.
In order to ﬁne-tune the network for a slightly different terrain,
compatibility-based reﬁnements proposed in Arun et al. [6] can be
adopted.

Network parameter settings, for sub-pixel classiﬁcation architectures, show a trend similar to that of super-resolution. The
increase in stream-3 depth improves the accuracy only slightly
and leads to saturation. Although deeper stream-2 layers give better accuracy, a blind increase in stream-1 depth may adversely
affect the reconstruction. For architecture-3, the gradient of depreciation in accuracy (with the increase in stream-1 depth) is
very low, indicating better stability of learning. It may be noted
that, for all the architectures, the optimal depth depends on the
scale factor for which the network is tuned. Also, the computational expenses generally increase with an increase in the network
depth.
Among the various architectures, architecture-3 gives better accuracy and convergence time. In all the architectures, an increase
in the number of ﬁlters improves the accuracy but at the cost
of running time. An increase in the size of stream-1 and 2 ﬁlters beyond a certain threshold, which is determined based on
the scene complexity, adversely affects the accuracy. Although a
similar increasing trend is observed for stream-3, it saturates after a threshold. The increase in number of regularizing features
improves the accuracy, and more ﬁlters are needed to avoid the
saturation. Among the various features, convolutional features give
the best results followed by Histogram of Oriented Gradients,
Gabor ﬁlters, Harris corner detectors, and edges, in descending
order. It can be seen that the increase in ﬁlter diversity (number of different kernel sizes) improves the accuracy and enables
better reconstruction at shorter depths. Furthermore, it also improves the convergence time. An analysis of the possible loss functions for sub-pixel classiﬁcation is summarized in Table 9. As is
evident, the proposed loss function improves the accuracy when
compared to the conventional approaches. However, it causes a
slight increase in the execution time; hence, an optimal choice
depends on the tradeoff between computational performance and
accuracy.
5.3. Fine-tuning of existing networks
Although conventional CNNs are mainly tuned for classiﬁcation, recent SRCNN and fully convolutional networks [43] can be
explored for sub-pixel mapping. Fully convolutional layers are directly adapted for stream-1, whereas tailored versions are used for
the other streams. For stream-2 and stream-3, an extra layer is
added to convolve the rank image. Retraining of this modiﬁed conﬁguration does not yield promising results. A feasible alternative
is to retrain the proposed network with the conventional datasets
(Visual geometry group network, GoogLeNet, and others). This approach yields satisfactory results, especially for lower scale factors.
The re-modeling of the SRCNN network [12] (setting c = 1), with
only stream-3 layer, has also been investigated. Although the retraining of such a network (with the datasets used in this study)
yields good results, the proposed approach is found to be far bet-

Table 8
Comparative analysis of the proposed sub-pixel mapping method on standard datasets.
Method

Scale

RMSE

Kappa statistics

Overall accuracy (%)

Exec. time (sec.)

RMSE

2
3
4
2
3
4
2
3
4

0.08
0.13
0.17
0.07
0.11
0.16
0.05
0.10
0.15

0.98
0.97
0.97
0.98
0.98
0.97
0.99
0.98
0.98

99.16
97.12
97.05
99.29
98.64
97.68
99.51
99.29
98.70

88
131
203
106
174
210
143
186
215

Cross entropy

Cross entropy + Misclassiﬁcation loss
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Fig. 15. Comparison of the overall accuracy of prominent sub-pixel mapping approaches on standard dataset.

Table 9
Comparative analysis of loss functions for sub-pixel classiﬁcation.
Method

Scale

Avg. Kappa statistics∗

Avg. Overall accuracy (%)

Ma et al. (2018)

2
3
4
2
3
4
2
3
4
2
3
4
2
3
4

0.91
0.89
0.85
0.90
0.84
0.81
0.88
0.86
0.79
0.85
0.82
0.79
0.94
0.92
0.90

94.02
90.35
88.91
92.76
89.54
84.80
91.32
88.65
84.16
89.33
86.07
84.49
97.09
94.26
93.28

Feng et al. [17]

Zhao et al. [76]

Xu et al. [70]

Proposed method

ter, especially at higher scale factors. This further illustrates the
signiﬁcance of convolution-deconvolution networks in learning the
semantic aspects of the image.
6. Conclusion
This study analyses various architectural choices for superresolution and sub-pixel mapping of drone-derived images, and
in addition, proposes some improved frameworks that consider
the speciﬁc characteristics of the data as well as the distortions prevalent in it. For inputs with increased spectral dimension and scene complexity, the sparse-code-based super-resolution
approaches suffer from bottleneck and results in corrupted dictionaries and sparse codes. The feature-guided network-inversion,
proposed in this study, addresses these issues and yield sharper
and better reconstructions. It is observed that the approach gives
2–5% improvement in accuracy when compared to the prominent approaches such as Dong et al. [13], Wang et al. [61], and
Feng et al. [17]. The signiﬁcance of the approach is better ob-

∗

Avg. Earth Mover’s Distance

Exec. time (sec.)

2.89
4.13
4.97
3.74
4.88
5.20
3.91
4.07
6.84
3.39
5.12
7.05
1.23
2.18
3.94

132
209
287
51
78
124
147
181
216
62
108
177
88
131
203

∗

servable with the increase in distortions or spectral dimension of
the input datasets, where the improvement is above 10 percent.
The increase in the number of regularization features, in the proposed approach, enhances the high frequency details in the superresolved output, but at the cost of computation time. Also, this
deblurring property resolves the effect of distortions prevalent in
the UAV datasets. The initial bicubic/bilinear upscaling, adopted in
earlier super-resolution approaches, causes reconstruction artifacts.
Hence, in the proposed approach, the coarser input image is dynamically upscaled using convolution-deconvolution networks, resulting in an average accuracy improvement of 4–15% on noisy
datasets, speciﬁcally, for higher scale factors. The proposed subpixel mapping framework also achieves 2–10% accuracy improvement as compared to the conventional approaches. Although the
deep-learning-based approaches are computationally complex, the
proposed super-resolution and sub-pixel mapping approaches are
extensively parallelizable and offers signiﬁcant reduction in execution time. In addition, the proposed inception-residual blocks improve the convergence as well as the accuracy when compared
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to the simple convolution-deconvolution units. From the experiments over various datasets, the proposed frameworks are observed to outperform the prominent sub-pixel classiﬁcation and
super-resolution approaches. The data augmentation, proposed in
this study, facilitates better generalization of the approach making it resilient to geometric and atmospheric distortions. The proposed spectral information based loss functions along with the
perceptual similarity based ones improve the accuracy (avg. spectral similarity, SSIM and FSIM) by around 2–5% as compared to
the mean squared error based approaches. Similarly, the proposed
sub-pixel classiﬁcation loss function reduces the number of misclassiﬁed pixels, by around 15–35%, in a computationally optimal
manner. The sensitivity of the frameworks towards network parameter settings has been considerably reduced in our proposed
models. The computational eﬃciency of the proposed models can
be further improved by parallelizing the framework. Although advanced augmentation strategies improve generalization capability
of the framework, spatial-spectral prior based reﬁnements can be
explored to further improve the universality. The current work
was focused on off-line super-resolution and sub-pixel mapping
of drone-derived datasets; however, the approach can be explored
for on-the-ﬂy analyses. In this regard, transfer learning based approaches, using the neighborhood video frames, can be adopted for
improving the approach.
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