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Abstract—The number of different modalities for remote sen-
sors continues to grow, bringing with it an increase in the volume
and complexity of the data being collected. Although these datasets
individually provide valuable information, in aggregate they pro-
vide additional opportunities to discover meaningful patterns on a
large scale. However, the ability to combine and analyze disparate
datasets is challenged by the potentially vast parameter space that
results from aggregation. Each dataset in itself requires instrument-
specific and dataset-specific knowledge. If the intention is to use
multiple, diverse datasets, one needs an understanding of how to
translate and combine these parameters in an efficient and effec-
tive manner. While there are established techniques for combining
datasets from specific domains or platforms, there is no generic,
automated method that can address the problem in general. Here,
we discuss the application of deep learning to track objects across
different image-like data-modalities, given data in a similar spatio-
temporal range, and automatically co-register these images. Using
deep belief networks combined with unsupervised learning meth-
ods, we are able to recognize and separate different objects within
image-like data in a structured manner, thus making progress to-
ward the ultimate goal of a generic tracking and fusion pipeline
requiring minimal human intervention.

Index Terms—Big data applications, clustering, computer vision,
deep belief networks (DBNs), deep learning.

I. INTRODUCTION

MANY Earth-pointing, remote sensing instruments pro-
vide imagery; each with their own foci, strengths, weak-

nesses, and experts who use the data. These instruments acquire
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data in different spectral bands; have different resolutions, differ-
ent orientations, and even fly on vastly different platforms. Some
satellite-based datasets represent decades of mission data, while
others from airborne platforms may only have a few days of
campaign data. As our understanding of the geosciences grows,
there is an inherent need to see how the parameters measured by
one instrument can be fused with those measured by other in-
struments, in order to formulate a global perspective on subjects
like state changes, catalysts, and system interactions. In order for
scientists to properly and effectively combine different datasets,
they need to have an understanding of each instrument, dataset,
and the processing techniques used. When considering many in-
struments and different applications, this becomes burdensome
and can discourage large-scale collaboration among instrument
science teams. There is a need for a generic, intelligent algo-
rithmic pipeline that can ingest datasets of different kinds and
combine them in useful ways, requiring as little instrument-
specific knowledge as possible. For example, such a system
should be able to track objects like clouds or bodies of water
across datasets, and fuse the data where appropriate [1], [2]. It is
noteworthy that since scientists often deal with different kinds
of data over large scales, the user should not be expected to label
data in order to train the system. Instead, the system should be
able to differentiate objects on its own. This means it is not nec-
essary to know what the objects are, just that they are different.
The hypothetical system would not itself make groundbreaking
findings, but it should provide an environment where scientists
can do so. There has been some previous work on image fusion
and object detection using remote-sensing systems, however the
research that has been done is either instrument-specific or, if it
is multi-modal, there is some supervised learning within the sys-
tem [3]. The input data are either user-labeled, or information is
provided to the learning system in a manner that makes it difficult
to generalize the process into efficient, multi-modal applications
[3]. For example, adding geolocation information to training data
implicitly adds information about map projection, and any geo-
calibration information that was used, which partially limits the
freedom of the learning system when working with the data.
While we are aware that this information may be useful in many
other learning systems with similar goals, our goal is to be able
to recognize objects of similar compositions across multi-modal
datasets, and in some cases, across spatiotemporal ranges. Also,
labeling the data may prove to be a daunting task if the user is
using many datasets, or may not even be possible at all, given the
type and quantity of data considered. While instrument-specific
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systems do provide useful insights into the deeper information
content within a single dataset, a generic system is needed to
provide insights by fusing datasets. To help solve this problem,
we are developing a system that relies on unsupervised learn-
ing methods to understand the structure of multi-modal data,
rather than the actual content. It leaves the content specifics to
an expert, or an expert system, but its intent is to provide an
algorithmic pipeline where the expert can combine datasets and
make multi-dataset findings with ease.

To make progress toward a generalized fusion architecture, in
this paper, we apply unsupervised deep learning to the problem
of object recognition and separation, given image-like data from
different remote sensing platforms. Our study involves testing
how well our system can separate objects within each dataset,
separately. To do this, we train a deep belief network (DBN) for
each instrument dataset input. This allows for a non-parametric,
deep “machine understanding” of the datasets, which provides
a precise dataset-wide classification technique. This not only
has uses on its own, but can also be input to further learning
and analysis techniques to generalize and classify over multiple
datasets at a time. Unsupervised machine learning (clustering)
was used here in order to translate the DBNs output to be hu-
man understandable, and to verify that these separate networks
could provide enough detailed information to properly sepa-
rate and recognize different objects. However, this paper is the
initial step in building a skilled classifier, able to track objects
across multi-modal datasets. The cluster signature our model
creates key on specifics within the data unseen to the human eye
and valuable to precise tracking. To test our proposed method-
ology, we leverage data from a heterogeneous set of imagers,
namely, MISR, MODIS, Hyperion, and LandSat-8, in order to
show multi-modal efficacy. The following sections will show
that our models are able to separate objects within the data on
a very fine scale, and even determine subsets of similar objects,
like clouds.

While there has been much work in the areas of object de-
tection and data fusion [4], our work differentiates itself from
prior models in the following two significant ways: 1) its aim is
generic, i.e., able to perform multi-instrument data fusion and
2) it is completely unsupervised. Because our system aims to
assist with both data fusion and object detection/tracking, we
have reviewed related works in both areas, splitting the object
detection/tracking into supervised and unsupervised methodolo-
gies. Though we believe our method to be unique in providing
multi-instrument data fusion for object recognition, many oth-
ers have performed spectral clustering and image fusion. The
major differences between our model and others are that other
models use a single data source [5], supervised machine learn-
ing methods [6]–[9], or provided geospatial information as input
while ours do not [9]–[11]. In regards to the object detection and
tracking aspect of our model, while object tracking techniques
using supervised learning are very successful, they require large
amounts of data labeling in the offline training phase [11]–[15].
There have also been many successful unsupervised object de-
tection/tracking projects, however, none of the proposed mod-
els for multi-modal data are completely unsupervised, instead
leveraging supervised classification [16]–[19]. The previously

mentioned projects have been mostly successful for what they
were intended to do, however, these methodologies do not work
to provide a more general model that can take into account multi-
modal data, fuse the information, and then, use that to detect and
track objects across these datasets. In other words, our model will
be quite robust and scalable once finalized. They do not work as
a solution for this project due to either a need for labels, a lack
of ability to easily generalize across multiple datasets, a require-
ment of geospatial information as input, or a combination of all
of these factors.

Section II describes the data, tools, and methods used, while
Section III provides some results and discusses validation tech-
niques. Finally, Section IV details our future work, followed by
conclusions in Section V.

II. DATA AND METHODS

Here, our goal is to recognize the separation between different
objects within image-like datasets from different instruments.
For the initial test set, we wanted to use a dataset that would
prove efficacy in a multi-instrument domain while still providing
a representative level of difficulty. With this in mind, we chose
to test on the multi-angle imaging spectroradiometer’s (MISR)
dataset. After initial successes with MISR, we chose to also
test on the Hyperion, LandSat-8, and the Moderate-Resolution
Imaging Spectroradiometer (MODIS) instruments.

A. Data and Tools

The software was developed with Python 3.4.3. All of the
DBN training and testing was implemented using Lrn2 Deep
Learning Framework [20], utilizing Theano with a GPUArray
backend [21]. The hardware utilized was an NVIDIA GeForce
Titan X GPU with 12 GB memory. As for the clustering, it was
performed using Scikit-Learn [22] on a machine running Ubuntu
14.04.5.

MISR, an instrument on the Terra platform, provides us with
nine different cameras, one which points nadir. The other eight
are split into two equal groups of forward and aft cameras. Each
group has cameras that point at matching angles relative to the lo-
cal normal at the Earth’s surface: 25.8◦, 45.6◦, 60.0◦, and 72.5◦.
In order for MISR to capture a scene with all nine cameras, it
takes about 9 min [23]. This results in a continuous multi-angle
image set. Doing this, we have nine images whose imagery over-
laps (but does not exactly match) in space, but because each
camera views the scene from a different angle, and at a slightly
different time, it provides a perfect test bed for initial experi-
ments for data fusion [1], [2].

Along with using MISR data as a test, we wanted to in-
clude multiple different instruments to prove multi-modal ef-
ficacy within this initial step. MODIS, an instrument onboard
the Terra platform, was the first to be used. MODIS is an im-
ager with 36 spectral bands whose resolutions span from 250
to 1000 m. For this test, we used only the 1000-m bands that
are measured continuously, at both day and night [24]. LandSat-
8 platform on which two imaging instruments sit, whose data
are combined into one LandSat-8 dataset was then added to the
test bed. These two instruments are the operational land-imager
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TABLE I
INPUT DATASET INFORMATION

(OLI) and the thermal infrared sensor (TIRS). The OLI has nine
visible spectral bands, and TIRS has two infrared bands [25]. The
last instrument we chose to test on is Hyperion, which is a high-
resolution hyperspectral imager aboard the Earth-Observing-1
(EO-1) satellite. Hyperion has 220 contiguous spectral bands,
all of which we use in our test [26]. Table I provides more in-
formation about the datasets used in this study.

In order to compare our results against datasets that are con-
sidered operationally viable, we chose to use MISR’s support
vector machine (SVM) classifier dataset. This dataset is created
by inputting MISR L1B2 data into an SVM. This classifier is
able to efficiently distinguish between clouds, aerosols, water,
land, smoke/dust, and snow/ice with an impressive global ac-
curacy of 81% over all defined classes [27]. While the goals of
this dataset differ from those of our research, the comparison
provides useful information because it allows us to verify that
our system is understanding the data’s structure properly in a
general sense, and ensure that our data provides a different, but
equally valuable service. Hence, we consider this as an initial
validation step to our classes. The SVM classifier dataset aims
to separate data into distinct user-defined groups using specific
keys in MISR data features, including radiance information in
multiple bands from multiple cameras as well as angular infor-
mation, in order to provide a separation of states to the MISR
data’s end user. Also, as input to the training set, labels are given,
as with all supervised learning systems, in order for the SVM to
correctly distinguish between the desired groups. This approach
should lead to a separation of labels in a manner that may prove
to be more precise within the MISR dataset, given that our aim is
to look at multiple instruments. Our goal differs in the sense that
we want our system to gain its understanding of the data’s struc-
ture, with little instrument specificity and no user-defined labels,
hence, the unsupervised approach. Such system will provide a
high level of robustness and scalability once implemented and
will able to skillfully track objects, like plumes, across multi-
modal datasets.

In doing this, we cannot tell the user what the label of an
output group is, but we should be able to apply the method to
remote-sensing data in general, and treat the machine-
understood structure of the data as a set of separate objects,

from which it can decipher matches among multi-modal data.
The distinctions made from the SVM can be used in a similar
sense, that is to say, one could track groupings of cloud, dust,
etc., across imagery, but our goal is to be able to differentiate
between cloud (or land, etc.) groupings, with some certainty,
and be able to track those different groups across datasets.

As there are different levels of data processing pipelines that
provide output from remote sensing systems, each with their
own inherent benefits, we had to choose a single processing
level to focus on. With this in mind, we chose to use the L1B1
radiance data. This dataset consists of a best estimate of the
spectral radiances that represent instrument response. These ra-
diance sets can be viewed as “as-raw-as-possible” images from
each camera. There is no camera co-registration, geolocation,
or geometric calibration done on this dataset. The decision was
made to use the data at this level because we want to be able
to be as flexible as possible in terms of including different in-
struments and modalities. Additionally, we wanted to capture
as little instrument-based processing/algorithm information in
our input data as possible. While we understand that every in-
strument will have a different set of caveats and dataset quirks,
this allows us to mitigate biases that the system may pick up
via data adjustments/calibrations, and focus simply on the data
itself. For some of these instruments, there is no L1B1 dataset,
only a geocorrected L1B2 dataset, and an L1A dataset, consist-
ing of raw digital counts. For this case, we use the L1A data in
order to keep with our as-raw-as-possible strategy.

To achieve its fusion goal, our methodology needs to be able
to understand data structure, output its representation of the data,
and then, be able to decipher different parts of that representation
on its own. Because the goal is to be able to provide a frame-
work that can easily handle many different, large datasets, and
can re-train itself in an online manner, we chose to use unsu-
pervised learning methods. It should be noted again out that our
goal here is not to be able to identify a label for the groupings
that are generated by the system, because that would require
supervised methods. Our goal here is to locate different struc-
tures within image-like data that can be analyzed by themselves,
or fed into further analysis and learning techniques. With that
goal in mind, we chose a DBN as our technique to recognize the
data’s structure. Given images as input, the image is split up into
small chunks and fed to the DBN, and the output of the network
is then fed into an agglomerative clustering algorithm, which
aims to separate out the different object types within the input
images. Each modality has its own DBN, and the output of each
DBN is fed to the clustering algorithm. Section II-B discusses in
detail the current methods used and the reasoning behind them.

B. Methods Used

We began our tests by collecting the desired data from the
proper NASA and USGS online data portals. For each separate
instrument dataset, we read in all of the training data, accounted
for fill values and values noted by the metadata to be unnatural.
Then, we created 5 × 5-image chunk, to preserve some spa-
tial information from the overarching data, which were used as
the training instances. Each instance contained matching image
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Fig. 1. Depiction of the experimental setup. Each instrument, or set of similar instruments, has their own DBN. The output of the network is then made human
readable via agglomerative clustering, and the results are compared against browse images and other classification datasets. In the center of the figure, there is
also a depiction of how the DBN training takes place. Output from the hidden layer of one RBM is fed into the visible layer of the next RMB, and this process is
repeated until the final RBM’s output is fed into the clustering algorithm.

chunks from all desired bands. We tested other sizes of chunks
for data instances, but smaller chunks did not provide enough
information about a data point’s neighborhood within the im-
age, and thus, provided the output of lower quality. Similarly,
instances of larger chunk sizes created output that were of too
low a resolution to be of value. The data’s dimensions were then
translated to match what the DBN required as input, and it was
input to the DBN as training instances. After the network was
trained, the same data setup methods were employed for the test
sets of data.

A DBN is a composition of restricted Boltzmann machines
(RBM) that can be trained in a supervised or unsupervised fash-
ion [26]. An RBM is a variation of a hidden Markov random
field whose energy function is linear in its free parameters, and
whose edges are restricted to only being able to make connec-
tions between adjacent layers. In this way, visible units cannot
connect to visible units and non-visible units cannot connect to
non-visible units [28].

The energy function of an RBM is

E (v, h) = −bT v − cT h − hW v (1)

where v is the set of visible units, h is the set of hidden units,
b is the set of offsets of the visible units, c is the set of offsets

of the hidden units, and W represents the weights between the
hidden and visible units. This can be translated into the free
energy formula as follows:

F (v) = −bT v −
∑

i

log

(
∑

hi

ehi(ci+Wiv)

)
(2)

which allows us, by definition of energy-based models with hid-
den units, to define the probability distribution as

P =
e−F (x)

∑
x e

−F (x)
. (3)

In order to train a DBN, each RBM is trained separately, where
the first RBM takes in the input, and the others use the previ-
ous RBM’s output as input. Instead of using gradient descent on
the second derivatives of the negative log likelihood equation, a
process called contrastive divergence is the preferred method to
train RBMs. This is because in order to use the typical gradient
descent method, you must run each RBM (a Markov field) until
it converges on its equilibrium distribution in order to use ex-
pected values from that distribution to calculate the parameter
updates. This is both computationally expensive and the variance
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on the values sampled from the equilibrium distribution is usu-
ally high, causing issues when training. Contrastive divergence,
on the other hand, instead of comparing the initial (input) and
equilibrium distributions, it runs an initial N number of Gibbs
sampling steps, and then, uses KL-divergence as a measure to
keep the distributions created by future update steps from stray-
ing too far from the initial distribution, [29]. Along with this,
[30] proposes using bias constraints on the contrastive diver-
gence method in order to account for the sparsity and selectivity
of a given set of hidden units. In order to achieve activation diver-
sity among a set of hidden units, a single hidden unit should only
activate when necessary, not just every time an instance reaches
its level in the network, hence, sparsity. With the same end in
mind, a set of hidden units, while sparsely activating, should not
always activate at the same time, hence, selectivity. RBMs sin-
gularly can recognize unique distribution patterns within images
and, when multiple RBMs are connected together, can provide a
useful technique for tracking complex features within a dataset.
This provides the perfect framework for learning object and im-
age similarity in an unsupervised fashion.

For this experiment, we chose to use a simple architecture of
six RBMs for each dataset, as depicted in Fig. 1. Initially, we used
a network consisting of three, but found that it did not provide
enough feature recognition when studying the final output. We
then increased the number of RBMs until we found the smallest
set that resulted in an output that we believe is detailed enough.
The network is trained in a layer-wise fashion, with the output
of the prior RBM being used as the training input of the next
RBM.

Because an end-user cannot necessarily interpret the output
of one or more RBMs, we need a way to restructure the data
into human-recognizable form; this is why the agglomerative
clustering was chosen as a machine understandable to a human
understandable translation technique. A general clustering prob-
lem can be seen as a multi-objective optimization problem. The
input is a set of N data points with M features. The goal is to group
the data into a desired number of clusters, K, while minimizing
the given error, or distortion, function. In agglomerative, or hier-
archical, clustering, each data point beings in its own cluster sj.
At each step, all clusters are compared, and a merge operation is
performed sa = sa ∪ sb, where a and b are just cluster indices
at step i. This merge operation is performed on the two clus-
ters whose merge minimally effects the error function. There
are many error functions to use, but we found Ward’s method
to work best for us. Ward’s method aims to minimize variance
among a cluster, so it punishes merges that increase variance
among a cluster with the function:

Δ(A,B) = ΣiεA∪B
∣∣|Xi −MA∪B | |2 − ΣiεA

∣∣ |X −MA| |2

− ΣiεB | |X − MB | |2 (4)

=
NANB

NA +NB
| |MA −MB | |2 (5)

where A and B are two clusters, XεA ∪ B, MA is the center
of cluster A, NA is the number of data points in cluster A. For
large datasets, this method can be difficult unless a connectivity

matrix is used. The connectivity matrix defines how instances
are connected within the actual dataset, so the algorithm does
not necessarily have to calculate the distortion penalty for each
combination of clusters. In our case, we used a K-nearest neigh-
bor graph. This method only calculates the merge cost between
a cluster and the clusters of its K nearest neighbors [31]. We also
tested error functions that aim to minimize the average, mini-
mum, and maximum distances between a cluster and the clusters
of its K nearest neighbors, but found that Ward’s method gave
us the best results.

III. RESULTS

We began our tests by running the clustering algorithm on
our raw data in order to create a baseline on which we could
measure success. While the clustering itself does well in captur-
ing the general structure of the data, it does not capture enough
detail within the data to successfully move on to further states
of fusion. Next, we input the images into the DBNs we have
trained, one for the AN camera images, at 257-m resolution for
all spectral bands, and one for the other eight camera’s images,
at 1.1-km resolution for all spectral bands. While the raw data
for all of the cameras, except AN have the red band data at
257-m resolution, we downscaled the red band image to match
the other spectral bands within the respective cameras’ images
for uniformity of the input data. For training data, we used
roughly 1 200 000 image chunks per DBN with all four chan-
nels used in each instance. For testing, we used eight sets of
roughly 30 000 image chunks, again with all four channels. The
training data and testing data were taken from different files, or
scenes, to ensure mutual exclusivity. The training set was cho-
sen to be large enough to be representative of different kinds of
scenes, but small enough to be validated in the manual/visual
way we describe later, given the nature of this task at its cur-
rent stage. Once we obtained the output of the test data from the
DBNs, we put all output of each DBN into the clustering algo-
rithm. We kept the data from each DBN separate at this point
because we wanted to see if the instrument-specific DBNs were
learning the data format correctly. The plan in the future is to
combine this data in an instrument-generic DBN at the tail end
of all instrument-specific networks.

In order to validate the output of our test, we compared the
data to the MISR SVM classifier dataset, the input image, and
a RGB MISR image. We also do agglomerative clustering on
the input imagery itself, to make sure that the DBN is itself
learning the structure of the data, and the value is not just
from the clustering. Unfortunately, there is no classifier product
at the L1B1 level of MISR data. The L1B2 MISR data are
re-projected from the image grid of lines and samples on to
the SubOrbital Mercator (SOM) grid. Also, the classifier data
are 1.1-km resolution for all images. This makes comparison to
the MISR L1B1 data a bit inexact, but because this task can be
handled visually, we can measure success easily. For the task,
we are trying to accomplish, learning, in detail, the structure
of the data, including different objects, and subgroups within
objects, we can see that our techniques perform very well.
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Fig. 2. Two column-wise cases of inputs and results from the MISR AN camera’s DBN. (a) and (f) depict one band of input. (b) and (g) are the result of performing
agglomerative clustering on the input imagery alone. (c) and (h) show the results of performing agglomerative clustering on the output of the DBN. (d) and (i) are
reference RGB imagery. (e) and (j) are the MISR SVM classifier output for the same image area.
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It should be noted that the colors utilized to depict clustering
results do not represent the same clusters between tests or instru-
ments. That is to say, for example, while Fig. 2(c) and 2(h) share
colors, Fig. 2(b) and 2(g) do not, all four result sets mentioned
have been clustered separately, and thus, the colors do not have
cross-result meaning. They are only representative of separate
clusters within a single result image.

We can see in Figs. 2 and 3 that the combination of the DBN
and clustering capture the structure of the data very well. Among
the different test sets, we are able to correctly differentiate land,
water, and clouds. Furthermore, we can see, especially in the
cases where the spectral resolution is high, that the agglomera-
tive clustering of the input data alone does not produce readable,
well-structured data, like the output that comes from the DBN
and clustering used together. Along with this, it looks like we
have maintained similar general structure as that of the SVM
classifier dataset, and along with that, the system has learned
a detailed structural knowledge of the imagery, one it can map
across multiple images, most of which can be matched to what
the eye can see. The structure includes many mixtures of sub-
types within the features that are visible to the naked eye. This
is expected, as there are often different mixtures of, land, cloud,
aerosol, and other factors together in a single location. This de-
tailed understanding of the data does not necessarily have to be
exactly the same one that a human would have, as the machine
is learning on its own what are “important” features, but if it
can continue to differentiate between object sets, and use that to
track those objects across imagery as it has in this test, then this
method will continue to prove successful.

In many cases, visual validation of clustering results proves to
be sufficient [32], yet, here, we combined our qualitative analy-
sis of cluster results with a quantitative one. Since, as is typical in
unsupervised machine learning studies, we do not have ground
truth data to compare against, the evaluation can depend only on
the model itself to determine effectiveness. Therefore, we chose
to quantitatively evaluate the clustering performance before and
after the data were passed through the DBN. To verify the cor-
rectness, we used the average silhouette width [33] to measure
how well defined the generated clusters are. To calculate the
silhouette width, s(i), for each observation, i, we first need to
calculate a(i), the average distance between i, and all other points
in its cluster, b(i), the average distance between i and all points
in the nearest cluster besides its own. The silhouette width is
then calculated as

s (i) =
a (i) ∗ b (i)

max {a (i) , b (i)} . (6)

The silhouette width allows us to measure the compactness
and separation of clusters, where more compact and disparate
clusters, or a generally better performing model, relate to a
higher silhouette width, in the valid range of [−1, 1]. This value
can be averaged over a single cluster, or over whole scenes to
measure, whether the clusters in question are well defined or
not.

For each of the DBNs used in this study, we averaged the
silhouette score of the clustering results of the test data before
it is input to the DBN, and then, again on the clustering results

TABLE II
SILHOUETTE WIDTH AVERAGE VALUES

from the output of the DBN. In general, an increase in score
represents a partitioning of the data in a way that more closely
represents latent structure encoded in it. From the results shown
in Table II, we can see that there is a significant improvement
with respect to all instruments after the data passes through the
DBN.

For example, for both the MISR and Landsat-8 instruments,
the score climbs by more than a factor of two. For MODIS,
the score climbs from 0.13477 to 0.73204, a factor of over five.
Even MISR Nadir, which exhibits the smallest increase in score,
achieves a 2.32x increase. Thus, even in the absence of the la-
beled truth data, we are able to demonstrate the efficacy of our
DBN pipeline to effectively cluster data, regardless of the instru-
ment. The final silhouette values of each instrument/instrument
set are correlated with the spatial and spectral resolution of the
datasets. The Hyperion DBN output performs the worst, and
this is due to the extremely high spectral and spatial resolution.
The specificity of the data allows for similarities to be observed
between entities that would be clearly distinct in lower resolu-
tion data. In terms of performance, the next two DBN output
sets are the MISR DBN output sets. These output sets perform
at the lower end of the performance scale within this experi-
ment due to the exact opposite reason: The information within
their dataset is not specific enough to create more distinct clus-
ters. The MISR off-nadir DBN output performs slightly better
than the output of the MISR nadir DBN output due to the lower
spectral resolution. Next, the LandSat-8 DBN output performs
slightly worse than the MODIS DBN output. This is due to the
fact that the LandSat-8 data, while having a slightly lower spec-
tral resolution than the MODIS data, has a significantly higher
spatial resolution. Hence, the Landsat-8 and MODIS datasets
appear to be within the range of most-desired spatial and spec-
tral resolution ratios for optimal performance in this context.

After the initial test with the MISR data, we ran similar tests
on MODIS, Hyperion, and LandSat-8 data. We used similar
amounts of training and testing data as the MISR test for each
of the next three tests. In Fig. 3, we have included one band of
the input image, the results of clustering the input data, and the
results of clustering the output of the DBN. Unfortunately, these
projects do not have classification datasets like MISR does, but
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Fig. 3. Two row-wise cases of inputs and results from the MISR Aft and Forward cameras’ DBN. (a) and (f) depict one band of input. (b) and (g) are the result
of performing agglomerative clustering on the input imagery alone. (c) and (h) show the results of performing agglomerative clustering on the output of the DBN.
(d) and (i) are reference RGB imagery. (e) and (j) are the MISR SVM classifier output for the same image area.
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Fig. 4. One row-wise case of inputs and results for the MODIS, LandSat-8, and Hyperion DBN, respectively. (a), (e), and (i) depict one band of input. (b), (f),
and (j) are the result of performing agglomerative clustering on the input imagery alone. (c), (g), and (k) show the results of performing agglomerative clustering
on the output of the DBN. (d), (h), and (l) are reference RGB imagery.
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we can still use visual tests, alongside the silhouette width aver-
ages, to surmise the efficacy in these cases. For that, we looked
at other examples as shown in Fig. 4. In the case of the MODIS
example, there is a clear distinction between land, water, and
clouds. The coastline is identified accurately, and the different
cloud formations are also correctly recognized, even when their
shapes are seemingly hard to capture. In the case of the MODIS
data being clustered pre-DBN, we can see that there is really
only a distinction between water and everything else, and even
then, there are groups of pixels classified in incorrect spots, and
the rest of the image is completely indecipherable. The Hyper-
ion case is very similar, with the output of our system finding the
cloud system in a realistic form, locating the entirety of the body
of water, and also separating different kinds of land. Again, the
only thing that is decipherable in the pre-DBN clustering case
for Hyperion is the body of water, which does not even appear
to be outlined as accurately as after the DBN is used. In the last
case, using Landsat 8 data, the biggest distinction that the DBN
helps with, is finding the clouds over both land and water, which
the input clustering is not quite able to do, which is an important
factor when trying to track objects like cloud systems. It also
appears to find the coastline more accurately.

IV. FUTURE WORK

Our next steps include taking the output from the multi-
ple instrument-specific DBNs and combine them as input to
a generic DBN. From here, we plan to run similar tests. This
will allow us to not only be multi- modal, but to have an output
that is equivalent among all input sets. This is an important step
because it will help to remove some of the different instrument-
specific intricacies each separate RBM may have learned that
detract from the final cohesive output. For a validation step,
we can also test our system on datasets that intersect with the
flight line of the CALIOP satellite, in order to use data from the
CALIPSO instrument. The CALIPSO instrument can be used
to get cloud systems’ profiles as well as a classification of the
cloud or aerosol type being observed. This would allow us to do
further quantitative validation of both the clustering and object
tracking with some of the more complex objects we are looking
to work with. Finally, we will research the use of the output of
all of the previous steps to track objects that are found via our
system and co-locate/fuse the data where appropriate.

V. CONCLUSION

This research has shown that unsupervised deep learning,
paired with unsupervised clustering techniques, can provide pre-
cise object-recognition and classification information. In our
experiments, we were able to demonstrate that the techniques
can recognize similar object subtypes across multiple images
from the same instrument in an extremely detailed manner. Also,
given that we trained a single network using multiple different
MISR cameras, we showed that this method is at least success-
ful for tracking objects across instrument datasets that when the
instruments are very similar, and given the detailed structure in
which each object is mapped in an image, tracking objects over
datasets with larger differences seems possible.
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