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Abstract—Steady innovations in traditional computing hard-
ware have had a profound effect on other consumer electronic
devices in use today; as processing becomes cheaper and storage
capacities become larger, users are producing data at an unprece-
dented rate. To cope with these new storage demands, distributed
and cloud-based systems are increasingly popular due to their
scalable, parallel nature. In this paper, we investigate the use of
cloud computing technology to provide storage and processing
capabilities for extremely large image-based datasets and pho-
tographic editing workflows, and demonstrate the performance
gains provided by such a system.

Index Terms—Distributed file systems, commodity clusters,
image processing, scale-out architectures

I. INTRODUCTION

The steady evolution of digital photographic equipment
has led to increased storage and processing demands on
modern computing hardware. These demands largely surpass
the capabilities of commodity desktop PCs, resulting in more
photographers seeking distributed storage and processing so-
lutions for their digital images. State-of-the-art digital single-
lens reflex (SLR) camera sensors can produce photographs
upwards of 36 megapixels, and a fast-paced sports shoot could
be comprised of hundreds of images. Traditionally storage area
networks (SANs) are used to cope with these large datasets,
but they require users to transfer images to their workstation
before processing can begin and then save the results back to
the SAN. In this paper we propose an alternative approach
based on commodity clusters, and aim to exploit both their
storage and processing capabilities to reduce the amount of
processing done at individual workstations.

While several image formats provide compression for these
collections of large images, there are many advantages to
working with raw sensor information, also known as digital
negatives, directly from the camera. These raw files allow for
much more flexibility in a post-production environment, where
image attributes can be modified to produce subjectively better
artistic results. In addition, most compressed image formats
are lossy, resulting in decreased fidelity of the stored image.
Unfortunately, the process of converting raw sensor data to
viewable images, referred to as developing the image, can
be quite computationally expensive. This is largely due to
the complexity of reconstructing an image from sensor data
rather than simply reading pixels to be displayed on screen.

To further exacerbate this problem, “non-destructive” editing
of digital images, where modified versions of a file are not
written over the original, requires a linked history of edits to
be stored with each image and then applied on-demand rather
than being read from disk directly.

A. Research Challenges

For this study, we aim to provide an alternative approach
to the expensive, powerful hardware required for modern
professional photo editing workflows. Instead, we leverage
the collective power of a cluster of commodity hardware for
storage and development of digital images. This research goal
provides a number of challenges:

1) Processing. Developing digital negatives is a
computationally-expensive task. Therefore, a divide-
and-conquer approach should be used to dispatch work
across a number of processing elements in parallel.

2) Organization. While it is possible to evenly disperse
images across an entire cluster, the images often contain
logical groupings, such as shoot dates or locations.
These related files should be spread across a small
number of computing resources to reduce latency.

3) Edit history. A number of modifications and transforma-
tions can be applied to raw image data. Therefore, each
step in the editing process should be recorded to allow
users to add or remove edit steps without modifying the
original source image.

4) Retrieval. Users should be able to request files from
the system that match a number of metadata parameters
using both ranges and exact values of attributes, and then
apply arbitrary image-processing computations across
the results.

B. Paper Contributions and Organization

Our paper illustrates the viability of storing a large dataset
composed of digital negatives across a number of computing
resources while also applying computations to perform im-
age manipulations on the files in a non-destructive manner.
The rest of the paper is organized as follows: Section II
describes the components of our system and how they interact.
Section III investigates the best balance of storage load in
the system, followed by a description of our non-destructive



Fig. 1. A simple example Distributed Hash Table network, with a hash space
divided among six nodes.

editing capabilities in Section IV. We bring the paper to a
close with performance benchmarks in Section V followed by
our conclusions and future work in Section VI.

II. SYSTEM OVERVIEW

Our image storage and development framework consists
of two primary components: Galileo, our distributed storage
system, and Granules, our distributed stream processing sys-
tem. These two components distribute storage and processing
operations across arbitrarily-sized and geographically-diverse
clusters of computing resources.

A. Galileo

While Galileo [1], [2] has primarily been used for storing
multidimensional atmospheric data, it can handle extremely
large datasets from other fields as well. Galileo provides
storage, replication, and indexing functionality for files with
high dimensionality, with these dimensions (also known as
features) stored as metadata in the system. Using the metadata,
Galileo also provides fast exact-match and range-based query
support for retrieval operations [3].

Galileo is organized as a Distributed Hash Table, (DHT) and
provides several enhancements over traditional DHTs. DHTs
are decentralized and highly scalable, making them ideal in a
distributed setting. A DHT partitions a hash space among a
group of computing resources, and then uses an associated
hash function to provide storage and retrieval operations
similar to a hash table data structure. Figure 1 provides an
example of a simple DHT network with a hash space divided
among six nodes.

Files in Galileo are called blocks, which can contain ar-
bitrary collections of data. Each block has an associated
metadata block, which contains additional dimensions and
information about the block. Blocks and their metadata are
replicated across the cluster to prevent data loss in the case of
hardware failure or network partitions.

B. Granules

Granules [4] is an open-source, lightweight distributed
stream processing system. Granules can express computations
using MapReduce or directed, cyclic graphs for incremen-
tal processing operations that build state over time. In this
work, we used MapReduce computations to divide tasks over
a number of processing elements. These computations are
scheduled and run across available computing resources in
a cluster and can be directly launched by Galileo through a
user-friendly API. Computations can be developed in multiple
languages, including C, C++, Java, Python, and R. Granules
has been deployed in a number of domains, including brain-
computer interfaces [5], handwriting recognition [6], and epi-
demiological modeling.

C. Experimental Data and Image Processing Utilities

For the experiments performed in this study, we acquired
25,000 raw image files produced by Canon EOS 40D and
350D cameras (10.1 and 8.0 megapixels, respectively). The
entire raw dataset consumed roughly 350 GB of data on disk in
Canon CR2 format. We used dcraw [7] to develop and convert
the raw sensor data to viewable TIFF files, which required an
additional 750 GB of disk space. dcraw also handled reading
camera and lens-specific metadata from the files, which was
stored alongside the raw images in Galileo.

Once developed and stored, additional filters that describe
transformations on an image were applied using the Im-
ageMagick [8] software suite. Available filters included blur-
ring, sharpening, color normalization, modifying contrast and
brightness, scaling, and applying color profiles. Each filter has
a number of user-configurable parameters to control the impact
of its transformation on the image, and these parameters were
also stored in Galileo as metadata.

D. Test Environment

The system described in this paper was deployed on 25 HP
DL-160 servers, each equipped with a quad-core Intel Xeon
E5620 processor, 12 GB of RAM, and a 300 GB disk. The
host operating system was Fedora 16 with OpenJDK 1.7.0.

III. STORAGE

Galileo is a distributed hash table, much like Dynamo [9]
or Cassandra [10], but has a hierarchical layout consisting of
collections of computing nodes called groups. The number
of groups and the amount of nodes allocated to each group
is a user-configurable setting in the system to best match
computing demands. For our tests, we used five groups and
allocated five nodes to each group.

To reduce latencies, Galileo attempts to place information
with related features in the same groups, a strategy called
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Fig. 2. Distribution of files in the system with our custom group hierarchy.

controlled dispersion. For this dataset, we grouped images
based on the time reported by the camera when the pic-
tures was taken. The remaining metadata in the files was
concatenated and passed through an SHA-1 hash function to
determine which node within a group would be responsible
for each file. Figure 2 provides a visualization of how data
was distributed across nodes in the system. While files are
not completely evenly dispersed across the nodes, this storage
imbalance allows the system to quickly locate images from
particular photoshoots.

IV. EDITING AND LAYERS

After being developed, images often require editing to
achieve the desired artistic effects. We store the original digital
negative in Galileo, and then associate it with a number of
editing steps, called layers that describe filters and transfor-
mations that can be applied to an image. These layers can
be reordered or toggled at runtime, and serve as a set of
processing steps that the system should take to produce a final
image. Developed images produced by layers are also cached
in the system as JPEG files of around 2 MB to speed up
access times when users quickly browse through collections
of images. To avoid changing the balance of storage load,
the cache files (totalling about 50 GB) are stored alongside
their raw counterparts. Table I provides timing information
for the various processing workloads supported by layers in
the system.

This test illustrates the computational complexity of devel-
oping digital negatives and applying image filters; on a quad-
core desktop machine, our 25,000-image dataset would take
roughly 7.5 days to process with all the layers applied. Another
notable trend shown by this test is that most layers take around
three seconds to process, which is likely due to the size of
the images in our dataset. Newer SLR cameras would likely
require 1.5x-3x more processing time. The order filters were
applied in did not have a significant affect on processing time,
but did produce different visual results.

TABLE I
TIMING STATISTICS FOR EACH PROCESSING WORKLOAD. EACH TEST WAS

RUN 1,000 TIMES. UP TO FOUR CORES WERE USED WHEN POSSIBLE.

Time (sec) Std Dev (sec)
Develop 3.4891 0.1416

Blur 3.5063 0.4807

Sharpen 10.3609 0.4708

Normalize 3.166 0.5395

Contrast 2.8422 0.4725

Brightness 2.6609 0.4252

V. COMPUTATION BENCHMARK

For our final test, we used the Galileo computation API
to process layers in the Granules runtime across our entire
dataset with different cluster sizes to illustrate the benefits
of our distributed approach. Cluster sizes of 5, 10, 15, 20,
and 25 nodes were used for this test. Figure 3 illustrates the
improvement in performance as more nodes are added to the
cluster. A sharp drop in the processing time is seen as the
cluster grows from five nodes to ten, but diminishing returns
are evident due to higher communication costs as more and
more nodes are included in the cluster. Ultimately, though, the
entire dataset can be processed in about 7.2 hours, rather than
the 7.5 days needed on a modern desktop PC.
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Fig. 3. Execution time as more processing elements (nodes) are added to
the system.

VI. CONCLUSIONS AND FUTURE WORK

A. Conclusions

This study has illustrated the viability of using a distributed
computation engine and file system to process and manage
large image datasets. Using the metadata features in Galileo,
image modification history can be saved alongside the original
raw sensor information to provide non-destructive editing
capabilities. These features can also scale up to assimilate



more computing resources and handle larger datasets from
cameras with larger output sensor data.

B. Future Work

While the ability to apply a large set of filters directly
to images is a key part of the modern photographer’s post-
processing workflow, additional creative modifications, such
as spot retouching or airbrushing are also common editing
features that we will support in the future. To add these capa-
bilities, an image transformation would need to be associated
with a path or points in an image and stored in Galileo. In addi-
tion, integrating our solution with a commercial photo editing
suite would provide photographers with massive performance
gains while also allowing them to use tools familiar to their
field. Another possible avenue for expansion of this research is
in the cloud, where users could upload and edit photos with a
web interface backed by a large distributed pool of computing
resources.
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