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Abstract: With the emergence of huge volumes of high-resolution Hyperspectral Images (HSI)
produced by different types of imaging sensors, analyzing and retrieving these images require
effective image description and quantification techniques. Compared to remote sensing RGB images,
HSI data contain hundreds of spectral bands (varying from the visible to the infrared ranges) allowing
profile materials and organisms that only hyperspectral sensors can provide. In this article, we study
the importance of spectral sensitivity functions in constructing discriminative representation of
hyperspectral images. The main goal of such representation is to improve image content recognition
by focusing the processing on only the most relevant spectral channels. The underlying hypothesis
is that for a given category, the content of each image is better extracted through a specific set of
spectral sensitivity functions. Those spectral sensitivity functions are evaluated in a Content-Based
Image Retrieval (CBIR) framework. In this work, we propose a new HSI dataset for the remote
sensing community, specifically designed for Hyperspectral remote sensing retrieval and classification.
Exhaustive experiments have been conducted on this dataset and on a literature dataset. Obtained
retrieval results prove that the physical measurements and optical properties of the scene contained
in the HSI contribute in an accurate image content description than the information provided by the
RGB image presentation.
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1. Introduction

Content-Based Remote Sensing Image Retrieval (CBRSIR) has been an active research field
during the last decade [1–4]. Indeed, data content extraction and quantification are key steps for
CBRSIR approaches requiring high quality images and efficient processing methodologies. Traditional
RGB-based image representation has been widely used for earth remote sensing scene retrieval and
classification [5–7]. Nevertheless, such image representation lacks precision that profiles the physical
content and properties of the scene.

Hyperspectral Imaging (HSI) is an emerging imaging modality that contains hundreds of
contiguous narrow spectral bands covering a wide range of the electromagnetic spectrum from
the visible to the infrared domain [8]. Combining the spectral resolution in the visible range (optical
properties) and in the infra-red range (physical properties) with a high spatial resolution allows to
establish a direct relationship between the spectral image and the physical content of the surface [9]
(i.e., vegetation, water, soil, etc.). In fact, the materials of the various components of a scene reflect,
absorb, and emit electromagnetic radiation depending of their physical and chemical composition.
This radiance measurement data extracted from HSI (here, we consider hyperspectral measurement
data as spectral and regular sampling of the captured spectrum, with reduced overlap between the
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spectral samples/bands, rather than multi-spectral images, which are based on the product of the
acquired spectrum by some overlapped spectral functions) requires the use of new methodologies
that process and analyze appropriately such massive amount of data. HSI processing techniques have
known a rapid development leading to new emerging and active research trends and applications, e.g.,
remote sensing [10], medical diagnosis [11], and cultural heritage [12]. Therefore, HSI technologies
have assisted remote sensing Earth Observation (EO) to stride forward in the past few decades [13].

Extracting deep features from earth remote sensing data has been recently investigated for data
classification [14] and retrieval [15]. However, most of the existing approaches were proposed for RGB
data description and quantification. Recently, Zhou et al. [16] proposed two deep feature extraction
schemes for high-resolution remote sensing image retrieval. In the first scheme, they extracted features
from a pre-trained CNN, and in the second one they trained a novel CNN architecture on a large
remote sensing dataset in order to learn low dimensional remote sensing features. They concluded
that deep features achieve better performance compared to the state-of-the-art hand-crafted features.
Deep metric learning for remote sensing image retrieval from large data archives was investigated
in [17]. The authors trained a hashing network using a triplet loss for compact binary hash
codes representation with a small number of annotated training images. In addition to RGB data,
Multispectral data, which involves the acquisition of visible, near infrared, and short-wave infrared
images in a relatively small number of spectral bands, has attracted much attention for spectral content
extraction from remote sensing data. For example, Li et al. [18] proposed a deep hashing convolutional
neural networks to automatically extract the semantic feature for multispectral data. In [19], the authors
proposed a content-based retrieval framework for large scale multispectral data. They used a public
satellite image dataset, where each image contains four RGB–Near Infrared (NIR) spectral channels on
four land cover categories.

However, even if multispectral data provides additional information compared to the RGB
data, it usually lacks spectral resolutions necessary to identify chemical and physical structures of
a remote sensing scene. Indeed, having a higher level of spectral details in remote sensing images
gives better capability to detect such details. Hyperspectral data contains hundreds of spectral
bands (varying from the visible to the infrared ranges), hence allowing one to profile materials and
organisms that are not available with multispectral data. Recently, when applied to HSI data analysis
and description, Deep Neural Networks (DNN) achieved promising results [20]. In order to deal
with high-dimensional HSI data and the correlations between spectral bands, a group of traditional
approaches start, before learning or extracting features with a Convolutional Neural Network (CNN),
by reducing the data dimension or by selecting some bands [21–23]. Another group of methods
processes the full-band data to extract features from HSI data [20,24,25]. Yet, such band-selection
methods lead to important information loss where the full-band ones extend the CNN training time
and the feature extraction time.

In the domain of color vision, the process of image content discrimination involves the so-called
“Spectral Sensitivity Functions” (SSFs), akin to the animal vision’s system sensitivities [26]. Spectral
data projections onto a set of spectral sensitivity functions have been successfully used for HSI data
dimensionality reduction and feature extraction [27]. A recent work of Ying et al. [28] designed
a CNN-based method, with a selection layer which selects the optimal camera spectral sensitivity
functions for HSI data recovery.

In this paper, we present two main contributions: The first one is the study of the discriminating
power of spectral sensitivity functions in a content-based hyperspectral image retrieval framework.
The first hypothesis to validate is that for a given category, each image content could be better extracted
through a specific set of SSFs. The second hypothesis is that the whole spectral range is required for
image category recognition. To do so, we take advantage of recent advances in Convolutional Neural
Networks [29], and particularly deep feature methods [30] to represent a hyperspectral image as a
signature. The second contribution of this paper is the introduction of a new hyperspectral image
dataset to the remote sensing community. To evaluate the performance of our proposed framework
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on our dataset, we first propose to focus our study on a multi-level selection of one SSF. This first
study highlights important bandwidths best discriminating to the scene content. The second step
of our study consists of building trichromatic images by combining three SSFs. Hence, this makes
it possible to use an RGB-based pre-trained CNN for features extraction and also to display a color
image for a later result interpretation and understanding. The remainder of the paper is organized as
follows: Section 2 gives a brief overview of recent studies linked to our research. Section 3 presents the
proposed framework based for HSI data representation and introduces our HSI dataset ICONES-HSI.
Section 4 gives the experimental results of our two studies. The first one analyzes the multi level
behavior of only one selected SSF. Then, we apply our proposed approach to obtain trichromatic
images and study the performance and behaviour of such image representation compared with a
retrieval system based on the RGB color space. Finally, Section 5 concludes the paper and gives some
perspectives.

2. Related Work

With the development of remote sensing acquisition techniques and the rapid growth of earth
observation data, remote sensing image retrieval technology has drawn more and more attention in
recent years [31]. Indeed, Content-Based Image Retrieval (CBIR) systems have been developed for
archive management of remote sensing data [10]. Several kinds of features have been investigated
to represent image content and retrieve remote sensing images from a database, such as spectrum
signature [14], texture [32], and spectral pattern [1]. Despite the important progress of CBIR for
remote sensing data for RGB imagery and multispectral Imaging [33], few works have addressed the
hyperspectral image retrieval problem. Most of the existing works are based on spectral unmixing
of the HSI data [34,35]. For instance, Veganzones et al. [36,37] extracted end-members as spectral
features by end-member induction algorithms and then defined an end–member based image distance
to measure the similarity between two hyperspectral images. Most similar images are retrieved based
on the similarity of each end-member based signature pairs from query and target images. They used
their own HSI dataset to evaluate the performance of the proposed method. However, this data is
not yet available for a public use. Ömrüuzun et al. [38] proposed to describe the image as a bag of
end-members image descriptors for similarity retrieval. The latter presented a new dataset for HSI
data retrieval: The HSI ANKARA Benchmark (http://bigearth.eu/datasets.html). To the best of our
knowledge, only the two aforementioned HSI datasets have been proposed for HSI data retrieval.

Hyperspectral remote sensing images contain both spatial and spectral information. Some recent
works proposed to integrate the textural features with spectral [14] or with color features to improve
the performance of HSI retrieval. Alber et al. [39] used spectral (mean and variance) and textural (local
orientation) features for HSI spatio-spectral data description. The extracted features have been used to
retrieve spatial locations of hurricane eyes in GOES satellite images with a relevance feedback loop.
Recently, Tekeste et al. [40] presented a comparative study of Local Binary Pattern (LBP) descriptor
for remote sensing data retrieval. They adapt properties of LBP variants for different types of remote
sensing data (multispectral, hyperspectral, and SAR images). However, extracting both spectral
and spatial discriminating features to improve the hyperspectral image retrieval problem is still a
challenging task. Recently, deep learning approaches have exploded to deal with this issue and extract
more effective deep features for hyperspectral data classification [15,20,24] using both spatial and
spectral information. In the work of Zhao et al. [41], Convolutional Neural Networks have also been
used to encode pixels’ spectral and spatial information. Santara et al. [21] presented a deep neural
network architecture that learns band-specific spectral–spatial features for land cover classification
in HSI data, while Mei et al. [23] designed supervised and unsupervised learning models to learn
sensor-specific spatial–spectral features from HSI data. The work of Zhang et al. [24] focused on
spectral–spatial context modelling in order to address the problem of spatial variability of spectral
signatures. Lee et al. [42] proposed a deep CNN that learns local spectral and spatial information
embedded in hyperspectral images by using a multi-scale filter bank at the initial stage of the network.

http://bigearth.eu/datasets.html
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In [20], the authors proposed a hyperspectral data classification method using deep features extracted
by Stacked Autoencoders. Chen et al. [43] introduced Deep Belief Networks (DBN) to extract the deep
and invariant features of hyperspectral data. More recently, in [25], a three-dimensional (3D) CNN
model was proposed in order to extract the spectral–spatial features from HSI data.

Deep feature extraction for HSI description is still a challenging problem because of the high
dimensional nature of the HSI data, the lack of hyperspectral image datasets, and the spectral
correlations that exist between bands in hyperspectral data. In the literature, various works have
been carried out to overcome the high-dimensional and highly correlated feature space issues for
HSI data classification [44]. Many HSI dimensionality reduction techniques, including Principal
Component Analysis (PCA) and Linear Discriminant Analysis (LDA), have been used for spectral
band selection and reduction [21–23]. For example, Zhao et al. [22] proposed a framework that joins
dimension reduction and deep learning for hyperspectral image classification based on spectral–spatial
features. However, those linear transformation-based methods are not suitable for analyzing inherently
nonlinear hyperspectral data. Some works proposed alternative solutions for band selection by
designing a band selection layer neural network architecture. In [45], the authors proposed a supervised
CNN architecture based on a Siamese learning loss scheme to learn a reduced HSI data representation.
Lee and Kwon [42] proposed a contextual deep CNN, which optimally explores contextual interactions
by jointly exploiting local spatial–spectral relationships of neighboring pixels. Specifically, the joint
exploitation of spatial–spectral information is achieved by a multi-scale convolutional filter bank.

Most of the aforementioned deep learning works are pixel-based approaches that process each
pixel using its reflectance values from different spectral bands. Those approaches perform pixel-wise
detection and classification followed by a post-processing step to group pixels or to segment an image
into regions. Furthermore, the rich spectral information contained in the hyperspectral image makes
them well suited for accurate computer vision tasks like scene understanding or object recognition
from remote sensing data. Moreover, the lack of available annotated HSI data could be a challenge for
training such CNN from scratch. In addition, most of state-of-the-art CNN architectures are designed
and trained for extracting features from RGB data, and hence their direct use for HSI data might lead
to sub-optimal results for analyzing the spatial–spectral data.

3. Proposed Framework

In this section, we present the proposed framework for HSI content representation, illustrated by
Figure 1. First, we introduce the proposed trichromatic image construction scheme based on the scalar
product of the hyperspectral image by three spectral sensitivity functions. Then, we detail the CNN
features extraction process from the obtained images. Next, we explain the objective of our study using
our HSI representation. Finally, we present our HSI dataset used to evaluate the proposed approach.
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Figure 1. Block diagram of the proposed framework.

3.1. Spectral Sensitivity Functions-Based HSI Content Representation

A spectrum is mathematically defined as a continuous function f (λ) over the wavelengths
expressing the acquired energy coming from a surface, a scene, or a source [46]. In the three
cases, the spectrum is directly related to the physical and optical properties of the acquired object.
In remote sensing, some physical discontinuities are induced by the atmosphere, meaning that f is not
continuously differentiable. The Spectral Sensitivity Function (SSF) is at the core of any spectral or
color sensor specification and construction. The sensitivity defines the relative efficiency of the sensor
for a given wavelength, expressed in percentage. Then, the radiance measurement data associated with
a particular spectrum F is defined as the accumulation of energy weighted by the sensitivity s(λ) at
each wavelength λ (Equation (1)). From signal processing point of view, the SSF can be considered as
a spectral sampling function defining the spectral range to acquire and sample. The measure quantity
value [47] m is defined by:

m = 〈F, S〉 =
∫ λmax

λmin

f (λ)s(λ)dλ (1)

where [λmin, λmax] defines the spectral support of F and S.
For display purposes, the three SSFs are associated with the Red, Green, and Blue channels.

The spectral sensitivity functions corresponding to these channels are based on the standard CIE Color
Matching Functions (CMF). Nevertheless, the constraints and limits in the sensor fabrication induce
the existence of several hundred of different sets of trichromatic functions, and consequently, the same
numbers of color spaces.

A hyperspectral image I(x, λ) associates to each x pixel location a spectrum F. This spectrum
characterizes the sum of signals transmitted by the pixel. We propose to transform the hyperspectral
image I(x, λ) into a trichromatic measured quantity value Mi(x) without constraints due to the
CMF foundations or limits in the visible range. The trichromatic measured quantity valueMi(x) is
formed by the ordered triplet (mi

0(x), mi
1(x), mi

2(x)) obtained from a sequence S i of three spectral
sensitivity functions (Si

0, Si
1, Si

2) using Equation (1). At the end of this process, the hyperspectal image
is transformed into a trichromatic image denotedMi.

Deep features F = {d f 0, d f 1, . . . , d f n} of the different trichromatic imagesMi are extracted using
a deep features approach based on a CNN (ResNet) [30] pre-trained on ImageNet [48], without the
fully connected layer originally tailored for the image classification task. The used pre-trained model
itself is a Residual Network architecture. We use the ResNet-50 version, which consists of 16 bottleneck
structures, where each one is composed of 3 convolutional layers followed by batch normalization (BN)
layers. The output of the last global average pooling layer is used as features for HSI data indexing
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and retrieval. The obtained signatures are 2048-Dimensional vectors. Euclidean distance is used for
computing the similarity between a given pair of image signatures.

To preserve the optical and physical properties, we do not restrict our approach to only three
spectral bands among the several hundred acquired ones. In this work, we assume that each category
presents a particular spectral response and then can be associated to a particular set of SSFs. Therefore,
we are looking for the sequence of N SSFs that achieves best retrieval results for each category. In the
current work, we study the use of only one SSF and then we set N to 3 to compare the retrieval results
with the RGB-based results.

3.2. The ICONES Hyperspectral Satellite Imaging Dataset (ICONES-HSI)

In this paper, we present our dataset of hyperspectral satellite data, the ICONES-HSI. Images were
generated from several HSI from the NASA Jet Propulsion Laboratory’s Airborne Visible InfraRed
Imaging Spectrometer (AVIRIS) (https://aviris.jpl.nasa.gov/). Spectral radiance measurement data
is sampled in 224 contiguous spectral channels (bands) between 365 and 2497 nanometers. We have
extracted a dataset of 486 patches of 300 × 300 pixels from AVIRIS data. We grouped the obtained
HSI cubes by visual inspection and google maps content verification into 9 categories (Agriculture (50),
Cloud (29), Desert (54), Dense-Urban (73), Forest (69), Mountain (53), Ocean (68), Snow (55), and Wetland
(35). For all patches, we have added their corresponding RGB images (considered as baseline in our
experiments) obtained from the corresponding RGB images provided by AVIRIS.

To ensure the correct annotation of the patches, an interactive interface has been developed.
This interface allows to select the patch to annotate. In parallel, with the use of the GPS coordinates
included in the AVIRIS metadata and the (x,y) position in the whole image, the interface extracts
the local Google map. Thus, aerial views with different angles and Google street views may help
the user in annotating correctly each patch. Figure 2 presents some examples of patches from all
categories of the ICONES-HSI dataset. The ICONES-HSI also includes an RGB version of all patch
images extracted from the AVIRIS RGB full image. The ICONES-HSI dataset is available for download
from http://xlim-sic.labo.univ-poitiers.fr/datasets/ICONES-HSI/index.php?lang=en.

Figure 2. Examples from the ICONES-Hyperspectral Satellite Imaging dataset (RGB-display).

4. Experiments and Results

4.1. SSFs Analysis for HSI Content Discrimination: A Multi-Level Study

Before trying to find the best triplet of SSFs that provides the best performance in terms of
retrieval accuracy, we first focus our work on the study of each SSF individually using a multi-level
analysis scheme.

https://aviris.jpl.nasa.gov/
http://xlim-sic.labo.univ-poitiers.fr/datasets/ICONES-HSI/index.php?lang=en
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4.1.1. Multi-Level SSFs Construction

To evaluate the image content description on a specific band selection using one SSF, we define the
selected spectral bands by Gaussian and Complementary Error function windows along the spectral
range. Thus, 5 hierarchical spectral levels with 31 SSFs are used to filter the HSI spectra.

Figure 3 shows the selected SSFs by level. Level 1 contains only one SSF that covers the whole
spectral range and other levels are the results of the division by 2 of the higher level. Thus, similarly to
first level, the SSFs of other levels, when combined, also cover the whole spectrum range. The goal here
is to see if one optimal SSF is enough to build a discriminate and efficient image signature compared
to the use of an RGB-based content description approach.

(a) Level 1 (b) Level 2

(c) Level 3

(d) Level 4 (e) Level 5

Figure 3. Different levels of Spectral Sensitivity Functions (SSFs).

4.1.2. Results and Discussion

Figure 4 presents for each class, the RGB version of the hyperspectral image, its corresponding
spectra, the best selected SSF according to the retrieval performance for the category, and the resulting
monochromatic image obtained with the best SSF. We note that for most categories, the best SSF is
from level 5. It means that the average best descriptive wavelengths for all categories are contained
in a small window range, and thus using a wider one produces noise that decreases the accuracy of
image description.
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Class                                       Spectra                                                   Best SSF  Resulting image
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Figure 4. Best SSF for each class according to the retrieval performance.
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Let us focus on some categories and explain the possible reasons of the obtained performance.
Only the Agriculture category uses a level 4 SSFs covering the visible range. A focus on patch content of
this category may explain this result. First, agriculture fields contain repeated geometric shapes with
specific gradients induced by limits of the cultivated fields. Thus, a larger spectral bandwidth is needed
to better describe this topological characteristic. Moreover, as acquisitions have been performed during
the whole year, the step of germination of field may be different. Thus, multiple colors may be useful
for an accurate description of the patches. It of course includes the specific band of minimal absorption
of chlorophyll, i.e., the maximum of its reflectance (500 nm). But not only this, as the Agriculture class
includes surface with and without vegetation, and a part of the observed spectra are induced by the
soil reflectance, which is slightly higher than the chlorophyll reflectance.

To conclude on Agriculture category, we observed that the radiance of the Forest, Ocean, and Snow
categories are lowest, and for the others, highest for the specific spectral range of 500 nm. It is also
interesting to note that the class Forest is not well represented by the first peak of chlorophyll reflectance
at 500 nm, but by the third peak around 1700/1800 nm, establishing probably a difference between
cultivated vegetation and forest.

The categories Dense-Urban and Desert are better discriminated by a spectral bandwidth
around 600–700 nm, which corresponds to the limit of the “red edge” specific to the chlorophyll
concentration modification assessment used in the NDVI criteria (Normalised Difference Vegetation
Index). It illuminates that this specific bandwidth allows one to discriminate these categories from
others by their lack of vegetation.

Table 1 gives an overview of the retrieval performance. In particular top 20 (P@20) and Mean
Average Precision (MAP) for the best studied SSFs with respect to different sampling levels of SSFs.
Cells with bold font represent the best results over the different levels. At first glance, we observe that
for most categories Level 5 SSFs perform better than the remaining levels. The few observed exceptions
have retrieval accuracies very close to the one obtained with SSFs of level 5. We may conclude from
this first set of results that a tiny spectral range window contains enough information to achieve better
retrieval performance than with a wider range. We may also conclude that the information contained
in the rest of the spectrum is misleading or noisy. The reported conclusions are based only on the best
SSF by category. However, compared with best level 5 SSF results for each category, the RGB results
are clearly better. Average result shows a 11% increase for the MAP results (see Table 2).

Table 1. Retrieval results for different sampling levels of Spectral Sensitivity Functions (SSFs) according
to the better spectral sensitivity function for each category from the ICONES-Hyperspectral Satellite
Imaging (HSI) dataset.

Levels Level 1 Level 2 Level 3 Level 4 Level 5
PPPPPPPClass

(%) P@20 MAP P@20 MAP P@20 MAP P@20 MAP P@20 MAP

Agriculture 44.3 31.83 47.7 33.93 50.4 37.05 51.3 39.07 49.6 39.0
Cloud 83.97 80.37 80.86 77.77 85.86 82.53 86.03 82.06 87.76 82.98
Desert 46.67 31.1 48.61 31.86 48.24 33.47 48.52 34.23 50.65 34.87
Dense Urban 84.38 70.98 86.37 73.35 86.71 73.71 87.6 74.85 90 75.41
Forest 57.61 37.61 54.28 37.71 60.58 40.96 61.09 41.63 61.16 42.95
Mountain 65 51.1 66.42 51.66 86.21 53 67.45 52.46 67.36 52.64
Ocean 75.22 62.72 75.96 61.89 78.16 63.53 78.75 66.29 77.06 67.59
Snow 52.27 35.48 53.18 35.86 51.36 39.77 54.64 41.68 56.45 44.17
Wetland 49.17 39.54 46.67 38.33 45.83 39.7 48.19 42.72 48.75 43.38
Whole dataset 59.61 46.4 60.38 46.82 60.81 47.2 62.06 48.01 62.5 48.76
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Table 2. RGB image retrieval results (Baseline) compared to level 5 best SSFs by category.

RGB Level 5 Best SSFs
PPPPPPPClass

(%) P@20 MAP P@20 MAP

Agriculture 71.8 55.39 49.6 39.0
Cloud 68.1 64.04 87.76 82.98
Desert 66.2 46.55 50.65 34.87
Dense-Urban 94.93 83.63 50.65 34.87
Forest 77.03 53.26 90 75.41
Mountain 68.49 57.24 67.36 52.64
Ocean 91.4 79.54 77.06 67.59
Snow 72.55 51.27 56.45 44.17
Wetland 24.43 19.83 48.75 43.38
Whole dataset 74.08 59.33 62.5 48.76

Exceptions appears for Cloud and Wetland categories; for the Cloud category, the best spectral
bandwidths to describe the cloud category are located in the infrared bands, and they cannot be
captured by the RGB image. For the Wetland category, the retrieval for RGB is tougher as this category
covers a large variety of image contents (lake, river, or swamp mixed with a portion of land). More
information than RGB is needed for this category to improve the results. All these observations on the
result show the importance of using more than one SSF to describe the patches.

In the next section, we show that combining information from the whole spectrum using more
spectral sensitivity functions leads to better retrieval performance.

4.2. Trichromatic Image Content Description for HSI Retrieval

In this section we first present our rules to generate a triplet of SSFs, then we detail and discuss
our experiment results, which compare the retrieval performance using three SSFs covering the whole
spectral range against deep features based RGB images.

4.2.1. Rules of Spectral Sensitivity Function Generation

In order to ensure a complete use of the acquired spectral range we define two constraints for the
definition of the SSF. First, the wavelengths must be taken into account. Second, the three selectivity
functions must be ordered following their spectral range to construct a trichromatic image preserving
the physical and optical properties. We propose to define the sensitivity functions from combinations
of Gaussian, Error, and Complementary Error functions [49]. Their combinations construct spectral
windows with unitary sensitivity and cut-off based on Gaussian functions. Two spectral sampling
cases are considered:

• Whole spectral range: We consider both the visible and the IR ranges as a whole.
• Partial spectral range: We reduce the sampling process to a selected spectral range and we

consider our study for the visible range and the IR range separately.

4.2.2. Trichromatic Image Content Extraction

From each of the two spectral samplings previously detailed, we obtain a set of triplets of SSFs.
The following steps to extract the HSI content representation follow the proposed framework detailed
in Section 3. Each possible combination of three SSFs is then used to build all hyperspectral images.
Finally, the signatures of those trichromatic images are extracted using the bottleneck layer of the
pre-trained CNN ResNet, giving a 2048-dimensional vector by image.
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4.2.3. Results and Discussion

To study the discriminating power of the selected sensitivity functions with respect to the data
categories, we evaluate their retrieval performance on the presented HSI dataset. Thus, we compute
the precision at top N retrieved images, in particular top 10 and top 20 (denoted P@10 and P@20).
We also compute the Mean Average Precision (MAP) over the retrieved data. We summarize the
obtained results in Table 3. Each cell of this table represents the results obtained for the best triplet of
sensitivity functions S i that we compare with the results obtained with the RGB images (considered
as a baseline) results. We present our results according to the 3 spectral ranges: Whole, Visible, and
InfraRed (IR). Gray cells highlight the best global retrieval results compared to the whole reported
results. Cells with bold font represent the best results that outperform the baseline (RGB).

Table 3. Retrieval results for the original RGB images (baseline), the Partial spectral sampling case
(Visible and Infra-red ranges), and the Whole spectral sampling case according to the best set of
three spectral sensitivity functions for each category. For some categories, the visible range allows
better discrimination, and for others, the infrared range is the dominant one.

RGB (Baseline) Visible InfraRed Whole

(%) P@10 P@20 MAP P@10 P@20 MAP P@10 P@20 MAP P@10 P@20 MAP
A 82.6 71.8 55.4 88.4 81 68.3 74.2 60 42.6 78 65.2 48.9
C 80.3 68.1 64 87.6 78.8 69.1 83.8 73.6 65.7 93.8 78.6 66.5
D 75.2 66.2 46.5 80 67 49.3 80.7 68.7 48.8 80.9 70.2 50.7
D-U 96.3 94.9 83.6 97.8 96.8 87.8 89.5 96.7 84.2 100 97.5 86.5
F 84.8 77 53.3 79.2 69 48.4 83.9 73.5 (∗) 52 (∗) 87.9 80.7 57.9
M 77.9 68.5 57.2 72.1 61.9 56.5 76.5 76.5 (∗) 64.5 (∗) 80.9 73.1 64.5
O 92.3 91.4 79.5 86.2 80.4 68.1 84.3 78.4 64.3 89.7 89.9 83.1
S 86 72.5 51.3 88 73.4 49.2 78.2 69.6 49.6 (∗) 88 79.3 57.8
W 33.7 24.4 19.8 50.5 36.5 27.7 39.2 27.5 22.2 41.9 29.7 23.9
Avg 81.5 74.1 59.3 82.4 73.3 59 80.9 71.7 55.2 83.31 74.18 59.07

A brief overview of the grey cells of Table 3 highlights the importance of the whole range of
spectrum as they contain most of best results. Only two categories have better results in the visible
range, in particular, the Agriculture (A) category where the Visible MAP result has a 20% increase
compared to the MAP of Whole. Our hypothesis for this category are that IR range adds noise
information and the similarity is mainly based on the visible color shape information of agriculture
fields as previously explained. For the Wetland (W) category, the low reported retrieval results do not
lead to any conclusion. This would be justified by the fact that this category is very heterogeneous,
representing natural scenes containing lake, river, or swamp mixed with a portion of land. The Average
line (Avg) of Table 3 presents the best results from a specific triplet of SSF over the whole dataset.
For the whole spectral sampling, it corresponds to the one presented in Figure 5. Theses results
highlight the fact that many possible triplets of SSFs could contain more discriminative information
than RGB image even when using a CNN specifically trained on RGB images as the ResNet. Those
experiments also show that the baseline (RGB) result is ranked 7th in the list of possible SSF triplet
combinations in terms of average MAP, i.e., there are six sets of three SSFs which outperform the
baseline in term of average performance. Values with asterisk (*) in Table 3 denote the best obtained
results with IR range compared to the visible range. A closer observation between Visible and IR points
out only two categories (Forest (F) and Mountain(M)), where IR presents significantly better results
than Visible (marked with a (∗) in Table 3). This observation justifies the need to the IR spectral range.
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Figure 5. Examples of RGB-display images (form left to right) of Mountain, Snow, Forest, and
Dense-Urban categories (line 1) with their corresponding spectra (line 2) and best triplet of SSFs
(line 3).

Figure 5 shows some examples (which are good representative) of the best SSFs with respect
to a category. It presents, from left to right, an example of an image from a selected category,
its corresponding random set of spectra, and the triplet of SSFs that best discriminates the image
in terms of retrieval performance. From Figure 5, we can note that the SSFs triplets are different
but mainly contain one function in the visible range, one in the IR range, and the last one in the
short-wavelength IR. Hence, in order to obtain a discriminating image representation and thus a good
retrieval performance, the whole spectrum is mandatory. Moreover, we note that only one sensitivity
function is needed to represent the visible range. Surprisingly, the color information is less relevant
compared to the texture and shape content for the proposed retrieval.

In order to evaluate the performance of our method on an external dataset, we perform
experiments on the hyperspectral ANKARA archives [38], which is to the best of our knowledge
the only available HSI dataset available for CBIR. The dataset contains Land-Use and Land-Cover
annotations for respectively multi-class and single class retrieval tasks. Since in our work we are
focusing on single label retrieval task, we used the Land-Use annotation to test our approach. The data
is composed of 216 images with a size of 63 by 63 pixels organized into 4 Land-Use categories (Rural
Area (43), Urban Area (37), Cultivated Land (126), and Forest (10)). Table 4 presents the retrieval results
in terms of P@5 and MAP metrics for both RGB and HSI data. We observe that our approach performs
well compared to RGB. It is worth noting that the Ankara dataset was originally acquired with 220
bands and only 119 bands have been retrained after noisy bands removing. Hence, due to the lack
of information about the wavelength ranges and the spectral ranges (Visible, IR), we cannot perform
experiments on the visible and IR ranges. Therefore, we present retrieval results only for the Whole
range. The missing information about the wavelengths is also problematic for constructing the SSFs
which are made for continuous wavelengths.
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Table 4. Retrieval results for the ANKARA dataset (Land-Use categories).

Whole RGB

Category/Metric P@5 (%) MAP (%) P@5 (%) MAP (%)
Rural Area 73.7 57.31 57.14 41.85
Urban Area 72.71 57.34 80.1 56.88
Cultivated Land 86.56 73.13 83.3 70.3
Forest 73.7 57.31 78.0 58.81
Average 81.03 66.54 77.3 61.8

From Table 4, one can see an improvement in terms of MAP and P@5 for all categories except for
the Forest one. This may be due to the limited number of samples in this category (10). The average
results are improved when using the Whole spectral range compared to RGB images (81.03% versus
77.3% for the P@5 and 66.54% versus 61.8% for the MAP). Hence, we note 3.73% and 4.74% increases,
respectively, for the P@5 and the MAP average results.

One would ask about the performance (in terms of accuracy and computational time) of the
proposed SSF-based HSI data description scheme compared to a baseline method in a content-based
HSI retrieval task. Hence, to verify the superiority of the presented method (SSF-based deep HSI
description), we compare it with a popular method for HSI data transformation enabling deep features
extraction: the PCA method which is widely used for HSI data classification [22]. Hence, the original
HSI was reduced into a trichromatic image using the first three Principal Components. Then, we
use the same retrieval framework including the ResNet deep features extraction from the obtained
trichromatic images and the Euclidean distance for the signatures comparison. All the computations
have been performed on a system with Intel core i7/16GB RAM with Python. Table 5 presents the
retrieval performances obtained by the considered SSF-based image description approach and the
related computational time required for HSI signature generation (including the trichcromatic image
construction and the deep ResNet feature extraction).

Table 5. Performance evaluation of our hyperspectral images content description approach with a
method based on Principal Component Analysis (PCA) on the ICONES-HSI dataset.

Method Average MAP Signature Generation Time

PCA-based HSI content description 51.32% 7.2 s/image
Proposed SSFs-based method 59.07% 1.2 s/image

The proposed SSF-based content description approach outperforms the baseline PCA-based
approach both in terms of Precision of retrieval and signature generation time. The SSFs approach
enables selecting more discriminating information from the HSI data than the PCA method. It is also
worth noting that the computed retrieval time is the same for the two approaches and it is equal to
0.3 s/image.

5. Conclusions

In this paper, we have proposed two main contributions: The first one is the study of
discriminating the power of spectral sensitivity functions in a content-based hyperspectral image
retrieval framework. The second contribution of this paper is the introduction of a new hyperspectral
images dataset to the remote sensing community. Our proposed framework focuses on image
representation, with the most relevant spectral bands using SSFs. Then, deep features are extracted
from the obtained trichromatic representation of HSI data to build a discriminating image signature.
A first experiment highlights the best descriptive bandwidths for each category but also shows that
one SSF is not enough to represent to scene content. Next, results confirm that the Hyperspectral
image retrieval system has to take advantage of the information given by the whole image spectrum to
improve its performance. Results also prove that physical measurements and optical properties of the
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scene contained in the remote sensing HSI better contribute in an accurate image content description
than the information provided by the RGB image presentation. Our framework has also been tested
on the ANKARA archives, showing its potential compared to other hyperspectral datasets. Further
improvement of the proposed approach will include the study of more complex sensitivity functions.
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