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a b s t r a c t

Recent deep-learning-based classification models for hyperspectral images (HSIs) yield near-perfect
classification accuracy on benchmark data sets. However, applying them in real scenarios often requires
programming skills and machine learning expertise, which makes the usage of these algorithms
unfriendly for domain experts. In this paper, we provide a web-based application, HSIToolbox, for the
classification of HSI with a user-friendly graphical interface, which allows a domain expert to view,
label and manage HSIs, and to train out-of-the-box deep learning models on the server. HSIToolbox
supports different operating systems and different HSI data formats. With a developed queuing system
and web interface, HSIToolbox can be accessed remotely by multiple users at the same time.
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1. Motivation and significance

Climate change and issues that it entails (natural disasters,
ising sea levels, Arctic sea ice decline and food security — to
ame a few) are among the greatest challenges of the 21st cen-
ury. The need to observe how our world is changing has become
f paramount importance. Remote sensing using hyperspectral
maging provides a way of doing this, by capturing the Earth’s
urface and classifying its areas depending on the type of surface.
Hyperspectral image (HSI) classification is an active field of

esearch in remote sensing. Over the past decade, a number of
lassification methods have been proposed [1–3], which are all
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evaluated and compared with each other on standard benchmark
academic datasets such as Indian Pines (imaged in 1995 [4], Pavia
University (2001) and Salinas (imaged in 1998). Current state-
of-the-art deep learning methods [5–11] have matured to the
point of being able to achieve almost perfect accuracy scores
when classifying these 20-year-old academic datasets. However,
the impact of such methods seems to remain limited to the
academic circles. It is unclear how these models would perform
on real-world datasets such as those captured by EO1 satellites of
NASA [12] and the Hyperion-2 sensors of European Space Agency
(ESA) [13]. These datasets do not include labels and it is therefore
not possible to evaluate nor to train academical models on them.

Influential deep learning researchers such as Andrew Ng argue
that the deep learning community needs to shift from such a
model-centric approach (where for a fixed dataset we try to find
icle under the CC BY license (http://creativecommons.org/licenses/by/4.0/).
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he best possible model) to a data-centric approach (where the
ocus is also on improving the data) [14]. The argument fol-
ows from the fact that in practical applications, starting from a
aseline state-of-the-art model applied to a specific application,
odel-centric approach often gives a couple of per-mille points of

mprovement, while data-centric approach can improve the per-
ormance for even more than 10% for the same application [14].
he field of hyperspectral image classification, given the fact that
early perfect scores are achieved on academical benchmarks,
eems mature for such a shift where we instead try to build solu-
ions that consist of both the deep learning models and practical
atasets that will perform well in the real-world problems.
The software presented in this paper aims to bridge the shift to

he data-centric approach by allowing both deep learning experts
nd domain experts to create impact in the real world. It pro-
ides a web-based user-friendly graphical interface that allows
domain expert to add, label and manage HSI datasets, and

rain different out-of-the-box deep learning models on them. Our
oftware can read several dataset formats, so that hyperspectral
mages from different datasets can be uploaded in a uniform
ashion for further labelling and classification. In addition, our
oftware can run on a server with dedicated hardware for deep
earning (i.e. GPUs), and be accessed remotely via the web in-
erface allowing users to use the system simultaneously. For the
raining of the deep learning models, we have implemented a
ueuing system. Furthermore, deep learning experts can easily
lug new neural network architectures and update the existing
nes.
Working with HSI datasets calls for special properties that

iffer from when working with regular image datasets. Firstly,
SI datasets have different formats and the tool that processes
hem needs to be able to read these different formats. Secondly,
hen a domain expert is labelling the images, it is often useful

or them to be able to see different bands (channels) of an image
n order to assign the correct label to an area of an image (for
xample, looking at the Xnm frequency band, corn fields look the
ame as wheat fields, but in Ynm frequency band, they look very
ifferent).
For these reasons, it is important that the labelling tool is cus-

omized for HSI data. There are many tools for data labelling, both
ommercial ones such as SuperAnnotate [15], Labelbox [16], Su-
ervise.ly [17] and free open-source ones such as LabelImg [18],
VAT [19], labelme [20] and VoTT [21], but none seem to have
hese special functionalities for hyperspectral images. Concerning
ll-in-one tools for deep learning, there are commercial ones
uch as Amazon SageMaker [22] and Google Cloud Platform [23],
hich offer data labelling and neural network training and infer-
nce. However, they are not open-source and not free to use for
veryone. Furthermore, they are general deep learning tools, also
ot offering special functionalities for HSI and thus not supporting
pecial formats of HSI datasets nor allowing visualizations of
ifferent channels of a hyperspectral image during the labelling
rocess. Matlab allows reading HSI datasets, but it is a commer-
ial, non-open-source tool and does not allow data labelling [24].
he only other tool that is specialized for working with hy-
erspectral data (to the best of our knowledge), Hypernet [25]
developed by ESA), focuses only on neural network training and
nference and does not support data labelling.

Priego and Duroy, who also identified the lack of publicly
ccessible labelled HSI datasets, have proposed a tool for gener-
tion of synthetic hyperspectral images [26]. While the synthetic
atasets can be used as a tool for approximate evaluation of clas-
ification algorithms, they cannot fully replace the real labelled
atasets.
2

2. Software description

Classifying hyperspectral images is – as is the case with many
deep learning processes – a very compute-intensive process that
benefits from dedicated hardware like GPUs. In an age where
working remotely is becoming more prevalent, our application
is made to be run on server hardware with dedicated hardware,
with a web interface and a queuing system that processes model
training requests one at a time on a first come, first-served basis,
allowing users to use the system simultaneously.

2.1. Software architecture

The entire solution is deployed as a collection of microservices,
where all microservices are programmed to be OS-independent. A
complete architecture diagram is visible in Fig. 1. The user enters
the web application through the frontend, which can be reached
through a dedicated gateway service. This service also exposes
the endpoint of the .NET core backend, which the user will use to
interact with the database.

As database technology, we use MongoDB because of the
GridFS extension, which can be used to store our datasets. Be-
cause of the unstructured documents that MongoDB uses to store
data, architecture developers can choose which parameters they
implement, and which performance metrics they report.

The Python backend service is not directly reachable from the
outside. Instead, the user interacts with the .NET core backend as
an intermediary to get Python-only functionality, such as visual-
izing datasets. The Python backend consists of an API, a master
and a slave. The API responds to API requests from the .NET core
backend, while the master continually checks the database to see
whether there are new models that can be enqueued. The models
are dequeued in a first come, first served manner, and are trained
by a separate slave thread that is started by the master. This way,
implementation errors do not influence the proper functioning of
the API, and the master can retry or skip failed training attempts.

2.2. Software functionalities

HSIToolbox provides a web-based graphical interface that al-
lows the user to go through the entire process of classifying
hyperspectral images, from uploading the dataset to inspecting
the result. In this section, we will go through a typical workflow
that an expert might encounter in the field, and describe the
software features along the way. The workflow is shown as a
diagram in Fig. 2.

2.2.1. Uploading the dataset
The user starts by choosing and uploading a dataset. It is

possible to upload a ground truth datafile separately, making it
possible to upload both unlabelled datasets as well as datasets
with limited ground truth samples available. The dataset is read
by the Python backend to see whether it contains valid data.

Currently, there are two implemented data formats: the Mat-
lab data model for all widely used academic hyperspectral image
datasets, and the data model used by the Earth Observation 1 -
Hyperion satellite mission.

2.2.2. Manually indicating ground truth samples
After the dataset has been uploaded and validated, the user

can inspect it and give it a name. For the next step, we distinguish
the cases where we have ground truth data available and want to
use it from the cases where there is no labelled ground truth data
available. In the latter case, the user needs to create geographical
classes themselves, and indicate some pixels that belong to each
class. This will serve as a starting point for the supervised deep
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Fig. 1. Software architecture.
Fig. 2. Workflow diagram.
learning architecture that will be chosen later. This step can be
skipped if ground truth data is available. An example of manual
labels created in the application can be seen in Fig. 3.

It should be noted that the data labelling to create a ground
truth completely depends on the users. Our application supports
both sparse labelling and dense labelling. There is no recommen-
dation on the number of pixels to be labelled. If users label only
a few pixels, the unlabelled pixels will be marked with 0. In the
experiments, these unlabelled pixels are not used for validation.

2.2.3. Choosing an architecture
One of the most important and impactful features of the

HSIToolbox software is the ability to create and test different ar-
chitectures. This way, the user can compare different techniques
for their specific dataset, and see which technique best solves
the problem at hand. It is also a benefit to machine learning
researchers, as they can directly see how different architectures
behave on the same dataset with identical parameters. The user

is presented with a selection of architectures that have been

3

created and added to the application, allowing expert users and
researchers to work in parallel.

2.2.4. Choosing architecture parameters
At least as important as choosing a suitable architecture is

defining the parameters. After the user has chosen an architec-
ture, they are presented with a range of options. These architec-
ture parameters are defined by the designer of the architecture,
and are visualized automatically in the application as sliders
and input fields. An example of configured model parameters is
shown in Fig. 4

To create a new architecture, the model architect must define
the two mandatory inputs: the model parameters, and the python
implementation of the architecture. These must be implemented
in the source code itself. Implementation details are present in
the technical documentation, available in the GitHub repository.
By correctly extending the necessary python classes in the source
code, the model selection and custom parameters will automat-

ically be visualized by the front-end, making the architecture
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Fig. 3. Manual labelling of geographical classes in the web application.
Fig. 4. Model parameter selection page.
eady for use in the application. Additionally, several examples
re available in the source code for reference.
GPU/CPU hardware utilization is the responsibility of the

odel architect, and is therefore implemented in the Python
mplementation of that specific architecture. If desired, the de-
eloper can include the hardware choice as a parameter of the
odel.

.2.5. Training the model
With the dataset, the architecture and its parameters, and the

nitial starting point for the supervised deep learning process
efined, the system has all the information it needs to train a
redictive model. Once the user starts the training process, it is
nqueued. The user can see the status as the queue, as well as
he progress of the currently running model, in the dashboard
verview. As the model is trained on dedicated hardware on a
eparate machine, multiple users can work in parallel and can
ontinue working while their models are running. An example of
he dashboard is visualized in Fig. 5.

.2.6. Inspecting the results
When the system has finished training the model, it is initially

hown in the recent model results section of the dashboard. Ad-
itionally, the user can inspect all trained models and filter them
y dataset, version, or by architecture. Clicking on a previously
4

trained model brings up the model result view, an example of
which is shown in Fig. 6.

Here, the user can inspect the model performance on the
initially defined ground truth samples (that were either defined
manually or taken from the ground truth data). A predictive map
of the entire hyperspectral image is shown, which allows the user
to visually inspect the quality of the predictive capability of the
model. Along with this classification map, the number of pixels –
or if the resolution of the dataset was specified, the actual area
– that each class covers is shown (Fig. 7). Several metrics, like
the overall and average accuracy, are calculated as well and other
metrics can be added by the designer of the architecture (Fig. 8).
Finally, a confusion matrix is created that visualizes how any two
classes are confused with each other (Fig. 8).

2.2.7. Improving the model
Using the visualization of the predicted classification map and

the metrics that are calculated over its final results, the user can
further refine the model. They can choose different architecture
parameters, such as increasing the number of epochs that the
model is being run for, or they can choose a different architecture
altogether. This way, the user can choose whether they want
to maximize the predictive capability of a particular dataset, or
compare the predictive capabilities of two architectures on the
same dataset.
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Fig. 5. Dashboard of the application.

Fig. 6. A detailed view of a model’s performance.

Fig. 7. The calculated areas for each classification class.

5
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Fig. 8. The model parameters and classification confusion map.
Using the confusion map, it is sometimes apparent that two
lasses are easily confused with each other. This can either be
ecause of an error in the labels of the ground truth data (the
tarting point provided by the user for the supervised deep learn-
ng architecture), or because of a lack of training data. Both issues
an be addressed by modifying the manually defined geographical
lasses.
Doing any of these modifications has been made very easy, by

llowing the user to create a new model from an already trained
odel. The class indications and architecture parameters are
utomatically carried over in a new model, which is defined as a
ew subversion of the model. By filtering the finished models for
specific version, the user can see the progress of the predictive
apabilities of the model over different subversions.

. Illustrative examples

Using the web application, the user can create a model that
ill autonomously train and classify a hyperspectral image. Be-

ow, we explore two datasets: the Pavia University dataset, which
s often used in academic research to evaluate the performance
f hyperspectral classification architectures, and the Earth Ob-
ervation 1 [12] dataset, a collection of hyperspectral images
athered by NASA using satellites with hyperspectral sensors. The
rchitecture that both datasets are being trained with is included
n the software.

Both datasets are trained using a multi-stream capsule net-
ork, which uses capsules to learn hierarchical features in the
pectral bands of the two hyperspectral images. For the academ-
cal dataset, a ground truth set is available which will be used to
rain the model: it consists of 9 geographical classes with 150
andomly chosen pixels per class for the training process, and
nother 150 pixels per class for validation, this is about 3.2%
f the available ground truth data, showing that this particular
rchitecture performs well even with very little training data. The
lassification result is shown in Fig. 9.
For the practical dataset, we manually define two classes: land

nd water. The image is captured over the island of Moroni,
ear the coast of Mozambique. Due to the poor resolution of the
ataset, there is not enough data to detect more detailed classes
ike cities or agricultural land. An aerial view of the hyperspectral
mage is shown in Fig. 10(a), with the predicted classification map
hown in Fig. 10(c). The manually indicated training samples are
hown in Fig. 10(b), of which 50 random samples per class were
icked for the classification process, and another 50 per class for
alidation. To inspect the accuracy of the architecture, an overlay
f the satellite view and the predicted classification map is shown
n Fig. 10(d).
6

4. Impact

With this web application, hyperspectral classification re-
search can finally be applied in practice on a large scale. Due
to the user-friendly interface, programming and machine learn-
ing expertise is no longer needed for classifying hyperspectral
images, which removes the high barrier of entry.

This software can be used to further advance the field of
hyperspectral image classification, as new problems with practi-
cal, unlabelled datasets will undoubtedly come to light. This will
require close collaboration between experts in the field and aca-
demical research, which this software facilitates and encourages.
The web application can also be a valuable tool for researchers,
as models are trained individually. This enables the researcher to
perform parameter searches as well as review the impact of how
training samples are chosen. The researchers can also easily add
and compare different architectures by creating new python files
in the backend. As this architecture implements a standardized
interface, this is a plug-and-play system, allowing for accelerated
development.

Additionally, this application may be used in many different
research fields such as climate research and agricultural research,
two fields which could certainly benefit from accurately classify-
ing every square metre in a large area. The software is designed
to be as generic as possible, to increase its applicability in many
fields of study.

5. Conclusions

We presented HSIToolbox, a user-friendly software tool that
allows domain experts without programming skills and machine
learning expertise in remote sensing to classify HSI using deep
learning algorithms. HSIToolbox is a web-based application with
a graphical user interface, which means that it is OS-independent
and can be accessed by users remotely. Dedicated computing
hardware for deep learning like GPUs can be deployed on the
server. Due to the developed queuing system, multiple users can
access the web application at the same time and make plans
for the training of different deep learning models. HSIToolbox
also supports different types of data formats of HSIs and allows
experts to label data for training deep learning models. This tool
facilitates accurate interpretation of large-scale HSIs by producing
precise classification results with deep learning classifiers. The
HSIToolbox is available for download via GitHub https://github.

com/zenodhaene/HyperspectralClassification.

https://github.com/zenodhaene/HyperspectralClassification
https://github.com/zenodhaene/HyperspectralClassification
https://github.com/zenodhaene/HyperspectralClassification
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Fig. 9. Classification result on satellite dataset Pavia University with manually labelled data.
Fig. 10. Classification result on data set EO1 with manually labelled data.
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