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ABSTRACT

TRAINING CONVOLUTIONAL NEURAL NETWORK CLASSIFIERS USING

SIMULTANEOUS SCALED SUPERCOMPUTING

Name: Kaster, Joshua Montana

University of Dayton

Advisor: Dr. Eric J. Balster

Convolutional neural networks (CNN) are revolutionizing and improving today’s techno-

logical landscape at a remarkable rate. Yet even in their success, creating optimal trained

networks depends on expensive empirical processing to generate the best results. They

require powerful processors, expansive datasets, days of training time, and hundreds of

training instances across a range of hyperparameters to identify optimal results. These

requirements can be difficult to access for the typical CNN technologist and ultimately

wasteful of resources, since only the most optimal model will be utilized. To overcome these

challenges and create a foundation for the next generation of CNN technologist, a three-stage

solution is proposed: (1) To cultivate a new dataset containing millions of domain-specific

(aerial) annotated images; (2) to design a flexible experiment generator framework which is

easy to use, can operate on the fastest supercomputers in the world, and can simultaneously

train hundreds of unique CNN networks; and (3) to establish benchmarks of accuracies and

optimal training hyperparameters.

An aerial imagery database is presented which contains 260 new cultivated datasets,

features tens of millions of annotated image chips, and provides several distinct vehicular

classes. Accompanying the database, a CNN-training framework is presented which can

generate hundreds of CNN experiments with extensively customizable input parameters.

iii
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It operates across 11 cutting-edge CNN architectures, any Keras-formatted database, and

is supported on 3 unique Linux operating systems - including two supercomputers ranked

in the top 70 worldwide. Training can be easily performed by simply inputting desirable

parameter ranges in a pre-formatted spreadsheet. The framework creates unique training

experiments for every combination of dataset, hyperparameter, data augmentation, and

super computer requested. The resulting hundreds of trained networks provides the per-

formance to perform intensive qualitative analysis to highlight key input requirements for

optimal results. Finally, as proof of this performance, select sample benchmarking results

of both the accuracies on aerial image datasets and their training hyperparamters are pre-

sented to illustrate the framework’s utility.

iv
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CHAPTER I

INTRODUCTION

Convolutional neural network (CNN) techniques have exploded across the technological

community in the last decade. With the exponential increase in processing power and

availability of massive datasets, researchers across a diverse number of research fields have

the key tools to approach long established problems and make significant improvements.

Where once human developers worked to recognize notable features in data and design

algorithms to achieve a desired result, CNNs flip that paradigm by allowing algorithms to

develop and recognize features in data and humans dictate the desired results.

1.1 History

The use of CNN architectures with multiple layers has blossomed at the head of CNN

techniques. In the computer vision (CV) community, CNN architectures have achieved

state-of-the-art (SotA) performance in object classification applications on challenging bench-

mark image datasets such as ImageNet [3] and PASCAL VOC [4], as well as speech recog-

nition applications. While CNNs originally appeared in the late 1990’s and were successful

in digit recognition applications [5], their current accelerated progress can be attributed to

three unique changes: the 2006 insight of Hinton and Salakhutdinov [6] of treating each

layer in a deep feedforward neural network as an unsupervised restricted Boltzmann ma-

chine, the proliferation of vast amounts of data via the internet, and the exponential progress

in general purpose graphics processing units (GPUs) for massively parallel computations.

This revolution off convolutional neural networks (CNN) first met widespread public

success with the CNN AlexNet [7] - which won the ImageNet Large-Scale Visual Recognition

Challenge (ILSVRC) of 2012. After its landside improvement of 10% over the competition,

1
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each following ILSVRC winner is also a CNN design. Each shows novel techniques and

approaches to CNNs which all feature trade-offs in decrease in error for increase in processing

power, training time, and architecture complexity. Each proves better at completing the

ILSVRC, but which is best for other datasets with limited resources? The resulting accuracy

of a trained model is highly dependent on its input datasets and the hyperparameters

selected to train it. How does one pick these reliably? These are the questions that inspire

this work.

1.2 Direction

Along with these questions, the goal of this work is to develop performance in train-

ing deep CNNs on aggregate sensor data acquired from both passive and active sensors.

This work allows researchers to fully understand the computational challenges associated

with successfully training deep CNNs on relevant aerial datasets. The potential payoff is a

next generation of algorithms that can be transitioned for object detection, classification,

and tracking applications. Or put more succinctly: to establish baseline datasets, experi-

mentation frameworks, and CNN algorithms for Electro-Optical (EO) Wide Area Motion

Indicator (WAMI) imagery with special interest in detection, classification, and tracking of

vehicular targets in aerial datasets.

A three-stage solution is proposed: (1) To cultivate a new dataset containing millions of

domain-specific (aerial) annotated EO images; (2) to design a flexible experiment generator

framework which is easy to use, can operate on the fastest supercomputers in the world, and

can simultaneously train hundreds of unique CNN networks; and (3) to establish bench-

marks of accuracies and optimal training hyperparameters. Results will show an established

CNN-Training Framework (CTF) with the performance to operate across 11 cutting-edge

2
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CNN network architectures, 260 cultivated datasets featuring tens of millions of aerial im-

age chips, and on 3 unique computer operating systems. A select sample benchmark of

this performance will perform 100s of CNN trainings and show accuracies across a variety

of testing paradigms – including test on withheld training data subset, transfer learning to

similar datasets, and fine-tuning on new datasets.

The following chapters further clarify the CTF development and results. Chapter II ex-

plores the foundational background of convolutional neural network and related CNN tech-

nology. Chapter III explains the 1st stage solution methodology of curating new datasets.

Chapter IV discusses the 2nd stage solution methodology to simultaneously scale CNN

training across super computers and create exhaustive hyperparameter testing. Chapter

V identifies the final software tools that enable the CTF and describes the results of im-

plementing the 1st and 2nd stage solutions. Chapter VI shows results from the 3rd stage

solution of a select sample benchmark of aerial imagery and performance of initial exper-

iments. Chapter VII summarizes with concluding remarks and thoughts on worthwhile

future research efforts.

3
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CHAPTER II

BACKGROUND

2.1 Origin and Application of Neural Networks

The human mind has natural abilities that excel beyond all computers. Classification

of imagery is a great example of one of these abilities. Verifying the presence of a coffee

mug in any given image would be tediously simple for a human to accomplish. But to

recreate this performance in a computer is a surprisingly complex endeavor. And if more

than one class are required to be identified, the complexity grows quickly beyond a single

algorithm’s performance. With this observation of human and computer differences in mind,

scientists sought to recreate this human performance of complex classification in a computer

by modeling their approach on the latest understanding of brain structure and processing.

The resulting system is referred to as a neural network to honor its original inspiration.

In the last decade, major improvements in neural network technology have allowed

for more and more complicated endeavors to be undertaken. One great example is Open

AI’s Dota 2 challenge. In 2017, Open AI trained a bot with neural networks to play the

competitive video game [8]. Dota 2 is multi-player online battle game similar to capture

the flag – but virtual and much more complicated. It requires teams of players, and battles

of powerful ‘heroes’ to remove a construction called an ‘Ancient’ from enemy bases. Being

a competitive eSport, training a bot to play is vastly more complicated than one-on-one

board games like Chess and Go. The bot is able to defeat a world class professional in two

consecutive rounds and marked significant increase in neural net performances. Similarly,

neural networks have been revolutionary in the LSVRC ImageNet Competitions. Every year

since 2012, a neural network has won the 1000-category image classification challenge. The

4
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competitive nature of this highly visible and popular technological event has lead developers

to constantly design new and better architectures for neural networks.

2.2 Definition of Neuron

The neural network concept is built around the concept of a neuron inside a physical

human brain. Each neuron is expected to accept multiple inputs which can activate a unique

output into other neurons. An visual representation of this can be seen in Figure 2.1. M

number of inputs, xi, are available to the neuron.

Before each input can reach the neuron, it must pass through a synaptic junction, which

either amplifies or attenuates the input intensity. This effectively acts as a signal multiplier

and can be represented mathematically as wi for each input. Once the attenuated inputs

reach the neuron they are combined with the neuron’s existing bias, which can be defined

as b0. All received inputs are summed to a final value within the neuron, v, as shown in

Eq. 2.1. With all these signals incoming, the neuron ‘fires’ and sends off an output under

specific condition called the activation function – defined as f(v) in Eq. 2.2. Activation

functions vary across neural network models, but mathematical models typically use one of

the following functions: linear, rectified linear unite, hyperbolic tangent, sigmoidal, or step.

The final neuron output is defined as y.

v =
M∑
i=1

xiwi + b0 (2.1)

y = f(v) (2.2)

5
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Figure 2.1: Diagram of Neuron

Whenever an activation function is attached to a linear layer, it needs to be non-linear

in nature. This ensures that complicated functions are approximated instead of simple

linear relationships. When multiple neurons are connected, the result is called a neural

network. Typically, these connections are made in distinctive layers, and any parallel-

connected neurons are called fully-connected layers.

2.3 Back-Propagation

Training neural networks requires working backwards from its performance and adjust-

ing the weight values to better match desire results. This is called back-propagation and

works by taking a derivative of a cost functions - written in terms of weights. In an ideal

cost function, the solution space is parabolic and thus only has a single minimum solution.

With this simplistic case, there are no other local minimums to compete with the final

solution. However, there are more complex cases where more robust cost functions should

6
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be used. A general cost function formula is given in Eq. 2.3, where the error is ε, the

expected value is β, and the calculated result is ρ. A co-efficient is present simply to lower

computation requirements, which are reduced when the cost function derivative is taken.

ε =
1

2
(β − ρ)2 (2.3)

Speaking broadly, machine learning techniques can be categorized as either supervised

or unsupervised learning. With supervised, both the input and expected output are known

pieces of data. With unsupervised, only the input is known. The majority of successful

neural network trainings focus exclusively on supervised methods. They use the difference

between the known output and predicted outputs to estimate error and influence a change in

neural network weights. Each new data input and resulting predicted output lead to slight

adjustments in the weight’s values. How quickly these adjustments occur can be controlled

by a hyperparameter known as the learning rate. This process repeats until every sample

input is presented to the network; a full iteration through the training dataset is called an

epoch.

The primary goal of this process is to severely reduce the error by adjusting the weights

of the neural network. Finding a solution’s global minimum is optimal, and can be better

found by taking the error’s derivative with respect to the weights. This will point to the

closest minimum by calculating the slope. Weight changing equations can be found below

in Eq. 2.4 and 2.5. The weight value for each neural network connection is wi and ∆wi is

the change in weights value. η is the learning rate parameter and multiplies the derivative-

determined change in order to influence how drastically the weight values are changed.

7
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wi = wi + ∆wi (2.4)

∆wi = −η δε
δwi

(2.5)

The process to train neural network and update weights can be repeated infinitely as the

solution approaches a minimum, so it’s important to identify stopping criteria. Too early an

interruption and neural network accuracies will still be quiet poor due to under-learning. To

late a stop may see neural networks so closely resembling the dataset that the phenomenon

is called over-fit; these are rarely accurate on similar datasets. Perhaps the most effective

stopping conditions is to calculate total error per epoch and complete training the change

in error is less than a pre-set threshold. An additional method is to test every epoch with

a validation dataset and use its accuracy results to determine stopping conditions.

2.4 Convolutional Neural Networks

The original model for a neural network is novel in its implementation, but not well

suited to processing imagery due to their much larger resolutions. Images must be broken

down into more simplistic representation and processed through fully connected layers. The

most successful method of breaking down images is with convolutional kernels and can be

described by the equation Eq. 2.6 below. This concept shows that convolutional layers are

effective at extracting features before the fully connected layers. The maximum number

of layer filtered by convolutions can be represented by M and a convolutional kernel by

k. Large variability of input sizes and stride lengths can affect the kernel. Stride length

directly controls the distance a convolution covers and ultimately adjust the final output

dimensions. In the equation, ∗ represents the 2D convolutional operator and u represents

the activation function. Finally, the output is defined as yj .

8
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yj = u(bj +
M∑
i=1

kij ∗ xi) (2.6)

This combination of convolution and filtering proves to be very powerful in application.

Data-adapting feature extractors can be combined within several layers and map the original

input to a simpler representations- all while avoiding over-fitting. This reduction also lowers

the data diversity requirements and create convolutional neural networks (CNN) that can

handle more dense data inputs.

2.5 Image Feature Filtering

One of the greatest advantages of CNNs are their ability to detect and extract features

within datasets. This is a computationally expensive process with a large output when it

works, and unhelpfully empty output when it fails. Filtering and passing useful features

to the next layer while ignoring broken returns is a process called pooling. The majority

of current application use maximum pooling (as opposed to average or minimum pooling).

This compares multiple neuron results at a given layer and passes along the largest. This

removes superfluous values from computation stream and removes any sparse or small data.

With this process in place between layers, a full end-to-end process can be run and the

network results are analyzed to see if a solution emerges.
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CHAPTER III

DATA CURATION

To achieve the 1st stage solution of cultivating a new database containing millions of

aerial annotated EO images, a significant effort must be undertaken to gather, annotate,

chip, and augment datasets. Focus should first be on gathering several existing annotated

datasets for training and convert both imagery and truth into usable formats. Whenever

several historical EO annotated datasets are identified and collected it is likely each will have

a unique truth format, image size, and data qualities. Software scripting must be developed

to read in the imagery and truth, transform truth to fit EO, and display bounding boxes.

This can be very difficult when truth data is not easily understood and may require multiple

conversations with teams who generated the data to achieve a working result.

If annotations are only available for a few frames within a full motion video (FMV),

the incomplete truth data can be estimated by interpolating sparse truth points and then

manually corrected for accuracy. All image frames originating from sequential FMV will

benefit from image registration and required homography transformations to align truth

across multiple frames. Additional datasets should be collected whenever discovered, with

a focus on cultivating from successful sources such as publicly released datasets, successful

data collections, and readily adaptable previous work. Successfully completing this process

effectively is critical to future trainings. Without large and diverse data for CNNs, any

trained results will be unreliable and can easily become overfit - only operating on the

training data but inapplicable to other datasets.
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3.1 Data Gathering

The first step in an effective data curation is the process of gathering all potential

datasets. The wide variety of available imagery will require extensive image processing

such as calculating homographies for datasets, converting raw files to imagery standards,

and aggregating truth files into centralize file with a project-standard format. All data

should be formatted to make data accessible in an standard annotation structure. Ideally

the annotation software will allow quick and effective annotation of datasets with universally

accessible imagery and truth files. To benefit from available built-in tracking and interpo-

lation algorithms, all image sequences must be registered and homography-transformed to

match the first key image. Annotation software requires all images to be PNG format,

which is utilized for its efficient file size with lossless compression, high bit depths, and

open standard. Annotation software truth format are often held in a SQL database and

scripts to import and export are crucial to preserve and access annotations.

Ideal imagery should feature a diverse collection of vehicles in a wide variety of settings

and backgrounds – all with an effective ground sampling distances (GSD) of 0.5 - 1.5 ft.

per pixel. This is the desired resolution for vehicle detections and best matches existing

datasets. More image diversity in represented vehicles and backgrounds will lead to more

robust and accurate trained CNNs. Look for both high quantity datasets and extremes in

features such as bright colors, partial obstructions, and low contrast imagery. There will

be likely be hundreds on grey sedans in a parking lot, but if that’s the only class a CNN is

trained on, it will be unable to identify yellow cars in grass or boats on trailers. Most data

collections do not focus on characterizing the data (and unique features), so it is helfpul to

develop both the ability to read truth from project-specific comma-separated value (CSV)

files and structured query language (SQL) formats and to quickly visualize. These tools will
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also prove useful in matching all available imagery with its truth and visa-versa. Scripting

should be developed to complied a list of all image and truth locations, then verify each

has a match. Whenever annotations are missing, the unmatched image should be manually

truthed or dropped from the dataset.

It’s important to mature and optimize the scripting and tools on smaller datasets - once

a few large datasets are gathered, lengthy processing times and storage limitations will

be encountered. It’s recommended to access a shared storage system accessible across an

entire network of machines. Image and annotations tend to be on the order of gigabytes

and multiple datasets can add up quickly. It’s also crucial to check the number of available

inodes in a shared storage system. Inodes are the number of file names storable by a system

- if there’s a large number of files of small size, like annotation in text form, it can quickly

fill up all available inodes without using up all available space. System admins can typically

adjust inodes and available storage space when requested. Care must be taken to not fill

up storage files or data can be lost. Also be careful to permission data files properly. It’s

recommended to create a unique group ID that is only available to users connected to the

project.

3.2 Annotate and Chip

Once new annotated datasets are reliably accessible and scripting is in place to manipu-

late imagery, focus should be directed to creating an image chipper that can scale across all

image datasets. Effectively scaling across millions of images will require adding error checks

and optimizing for increases in the processing speed and to avoid potential RAM crashes.

As more data is converted to the standard truthing format, focus will shift to processing the

remaining edge and corner cases. Depending on the reliability of dataset source, the first
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error check may need to be an image quality checker to identify any significant minority of

the imagery that is oversaturated, under-saturated, or missing from listed location. This

identification can often be most easily done with histograms, with any atypical distributions

removed from the final datasets. Most chippers will work well on a small scale but quickly

demonstrate memory errors when ingesting large datasets. This is correctable by organizing

the imagery to be chipped into digestible batches, clearing and closing all opened figures,

and periodically clearing all working memory when opening new batches.

As the majority of largest datasets are processed, focus can turn to supplement existing

data by manually truthing entirely new datasets. High-resolution imagery from publicly

available YouTube quad-copter videos are an excellent unannotated source. Building from

now-established tooling and optimized code developed for previous datasets, the conversion

and truthing process should be significantly faster. A single individual can find a video,

split to frames, convert to truthing format, add annotations - generating around 70 GB or

more vehicle datasets in 2 weeks.

3.3 Ontology and Negatives

With a massive increase in annotated datasets, more diverse data characteristics and

objects will be observed. Simple ontologies like those used in the low size, weight and power

(SWaP) proof-of-concept implementation of in Part A of this Thesis [9] are intentionally

simplified to just car, truck, van/SUV, and background. Now that millions of vehicle

examples exist, annotations can be expanded to new characteristics such as color, occlusion,

non-standard vehicles, and pedestrians. Greater granularity in ontology is highly desirable

because it will result in trained models with more descriptive classification on test data.

However, it requires a significant effort to update all annotations of existing datasets to

13

24 
Approved for public release; distribution is unlimited



more detailed ontologies. To update efficiently, existing annotation can first be updated

with default values of all new parameters - for example a car can now be a sedan with

black color and no occlusion. Truthers can then quickly move through existing labels

and correct new parameters in approximately 25% of the time originally required to find,

draw a bounding box, and properly annotate. However, any new detailed ontology that

adds new classes will require entirely new entries to the annotation dataset and will be

time consuming. Ultimately, available datasets and diversity of objects will drive chosen

ontologies and it’s useful to finalize ontology when near to finalizing datasets.

Once a final database and ontology is established, it can be supplemented with false

positives from a CNN object detector. The idea is to train an object detector with ex-

isting imagery and annotations, then test on the same datasets. Any new detections will

find objects missed by annotators or find features that closely resemble established classes.

These can be aggregated into a confuser or negative class and added the training datasets

to improve classifier object discrimination. Both FasterRCNN [10] and SqueezeDet [11] are

great choices for object detectors to build a negative class. FasterRCNN as seen in [9] per-

forms on simpler ontology and remains highly capable of identifying confusers. SqueezeDet

is based on a unique dataset called KITTI [12] which features an unusual aspect ratio due

to its original design as an object detector from a moving car on wide angle views of streets.

A new script will need to be developed to effectively convert all annotation and imagery

from AVA format to KITTI format for these trainings.

With final annotations and conversions, data curation can be concluded and focus moved

toward CNN training with the new database. Each individual annotated image should be

chipped into three pad sizes of 0.0m, 2.5m, and 5.0m to provided different amounts of
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background and neighboring objects associated with the object to be classified. This is a

pre-processing data augmentation step that should be performed outside of training.
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CHAPTER IV

SIMULTANEOUSLY SCALED SUPERCOMPUTING

The 2nd stage solution requires designing a flexible experiment generator framework

which is easy to use, can operate on the fastest supercomputers in the world, and can

simultaneously train hundreds of unique CNN networks. Each of these is a complex task

worth detailed thought and development before final implementation. Methodology and

suggestions on how to achieve this are presented below.

4.1 Ease of Use: Interface

In order for a framework to be easy to use, it should have a intuitive interface for

operation and robust software behind the interface. Intuitive interfaces will be accessible

and readily used by the general computer user and not only CNN experts. Robust software

should operate reliably in all scenarios it’s expected to be used and provide useful error

messages when failure occurs.

For the general computer user, one of the most familiar and accessible interfaces is a

spreadsheet. With a pre-formatted set of column headings and example row data, a user can

change quickly individual cell values to set their desired inputs. Any minimal framework for

CNN training should allow a user to input an experiment name, training dataset, validation

dataset, and test dataset. Each dataset must be indexed and readily available to be called by

the user. A more flexible framework would allow the user to change the network architecture

used for training and finetune method. Any callable network should also be indexed and

available. Customizables hyperparameters for the psuedo-random seed number, number

of epochs, batch size, number of GPUs, and initial learning rate would also be desirable.

Each of these will allow a user to substantially control the training and repeat the most
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successful results. Finally, a variety of data augmentations such as rescale, channel shift

range, zoom range, rotation range, fill mode, horizontal flip, vertical flip, width shift range,

height shift range, constant fill value, and comments would allow for significant expansion

of the annotated dataset. Each of the parameters should allow for setting both single or

multiple values; likewise, the individual datasets should be able to be added together to

create new datasets unique to each experiment.

4.2 Ease of Use: Robust

With this highly customizable interface design, robustly setting up the software tools

required for training CNNs is critical to ease of use. The first step is to insure matching

software dependencies and packages across various computing machines. This is a very

complex problem that has plagued software developers for years and can be made even

more challenging if there is slow, restrictive, or unavailable internet access. A solution

is required that can be built offline and reliably transferred to new networks, all while

supporting multiple operating systems. One such solution is environment modules [13],

which are utilized for their ability to turn on and off software installations on command,

while also creating stable instances that can be separated by version. A large emphasis

should be placed on learning to build these modules across multiple operating systems (OS)

and software packages – each OS with unique configurations and requirements to become

operable. If built correctly in the shared storage of a network, they will be accessible

for all compatibly OS’s that can connect. The ideal test of proper environmental module

operation is the successful ability to train a new CNN. This test should be performed with

small annotated datasets on every system before attempting to scale.
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To improve code robustness, local training should be performed on a small scale to help

develop code for massive distribution. All starting scripts and input parameters should be

saved for comparison across multiple machines. With each attempted training, all accuracies

and under-performances should prompt analysis and improvements to be made. When

possible, try repeating previous successful trainings to compare dataset in and classifications

accuracies out, then make minor adjustments to code. Specific adjustments to check include:

verify validation and training dataset classes match, adjust epoch to match available GPU

memory, confirm trainings are using GPU memory and not CPUs, and watch for training

to update weights. It is also important to enable offline training to operate without internet

access. When distributing trainings across multiple machines and nodes, each training does

not always have individual access to online resources - even when interactive instances

to those machines might have internet. To compensate for this limitation, it’s best to

download any required model architectures and pre-trained weights for offline access. In

the framework, prioritize training from this offline source location before requesting online

download which can subsequently fail.

4.3 Supercomputers: Identify and Access

In order for a framework to operate on the fastest supercomputers in the world, several

challenges will need to be overcome. First, access to the desired computers must be obtained.

Second, all data must be transferred to the new machine. Third, all software dependencies

will need to be built on the new machines. Fourth, software must be modified to better

integrate with the unique OS and utilize any jobs queue system available.

For access, it’s recommended to start with a locally networked Linux GPU machine

where the user has relatively high control over resources, data, and software. This will act
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as a test bed to work out all development issues without the restrictive offline and non-

super-user permissions of a supercomputer. This network should have a terabyte or more

of shared storage across machines, internet access for downloading software, and at least

one other accessible GPU machine to test the first machine’s software builds.

While setting up these local GPU machines, identify and apply for access to desired

supercomputers. Each system will have a unique application requirements which can take

weeks to process. One such option is to access High Performance Computing (HPC) at

DoD Supercomputing Resource Centers (DSRCs) [2]. According to their publically avail-

able website, this requires a sponsorship from a qualified employee of the US government

who has an active project with allocated hours on one of the HPCs. Once an account is

created, a user will be able to reach 10 unclassified supercomputers - 5 of which rank in the

top 100 supercomputers world wide: Mustang, Excalibur, Thunder, ONYX, and Topaz [14].

Each of these debuted with a high rank in the top 50, but with the incredible rate of change

in technologies, faster supercomputers have taken the top slots. Each supercomputer has

distinct systems, CPUs, OSs, and performance performances ( publically available online

and a subset shown in Table 4.1). Of these options, ONYX is the fastest available super-

computer, and Thunder has more established software builds and environment modules for

CNN training.

4.4 Supercomputers: Data Transfer

Once an appropriate supercomputer is selected for development, the next major obstacle

to scale HPC use is that all code and data needed to be built on the selected system. Espe-

cially on ONYX, it is a completely fresh Cray Linux environment without software, data,

or existing environment modules; all have to be built from scratch. To further complicate
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Table 4.1: HPC Top Supercomputers [2]

progress, standard data transfer methods such as secure copy protocol and online connec-

tions to supercomputers can be inconsistent and unreliable. Even with correct syntax, it

is common to be unable to start a transfer or for file transfers to be terminated midway.

Due to the intensive processing demands and high performance requirements, all supercom-

puters are often down for maintenance – both emergency and routine. Given the need to

transfer 100’s of GBs of imagery for training, and the multiple days of training required for

optimal results, these are difficult challenges to face. One method to reliably overcome is to

download all possible needed resources locally (architectures, models, imagery, annotations,

environment modules, dependencies, software, and code), and utilize the ‘rsync’ command

[15] to send it directly from to supercomputers and keep a change log. This works better

than compression methods, such as tar balls, because even if there are still several drops in

transfer and data due to maximum sync time limits and undesirable system restarts, these

can all be remedied by multiple syncs, checking file times and sizes, and reviewing sync

logs. New data can be added relatively easily without sending an entire dataset again.

With a reliable method of syncing data established, the primary resulting problem with

transferring is the sheer size of the dataset. Beyond the expected problem of limited hard

drive space, the sheer quantity of files can far exceeded normal allowances. To overcome

this, work with network system administrators on both sides of the transfer to confirm there

is enough hard drive space and inodes allowance. Each time an inode cap is hit, it’s possible
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to lose all data transfer progress and have to restart each times to pick up from previous cap

and add to dataset. This can occur even with deceptively small datasets of less than 5.0 GB

when the number of files is in the million for each chipped pad size. Even simple requests

to list all files can take over 30 minutes to display. It’s critical to understand the size and

quantity of database before attempting to transfer. It’s recommended to discuss with system

administrators and dedicate user groups with shared directory that can accommodate all

files. With appropriate sizes allocated, a full data transfer and check can be complete within

a week.

4.5 Supercomputers: Software Environments

When data is successfully transferred, all software dependencies and environment mod-

ules will need to be built fresh on the new machines. As expected when building a cutting-

edge CTF, there are a few unique obstacles to overcome. One major obstacle is that many

desired software packages may be complex and difficult to build, especially on new OS’s

without internet or elevated privileges. Build scripts must be tested for robustness on more

accessible local machines before attempting to port to a supercomputer. Another obstacle

is that software versions and dependencies need to be locked and saved offline whenever

successful builds are made. Any offline saves should include a copy of all shared libraries

and verify all symlinks point to files within the save. With newer cutting-edge software,

every week can see new changes to online code bases that can break environment mod-

ule builds that rely on older dependencies and build tools. Especially on supercomputers,

version numbers are critical because available build tools are controlled by system adminis-

trators and are not guaranteed to match the latest software. Work with the administrators
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to request and update tools where possible; build desired modules with older tools when

available and stable on supercomputers.

4.6 Simultaneous Scaling

In order to scale software to simultaneously train hundreds of CNNs, a framework must

be modified to better integrate with each unique supercomputer and utilize any jobs queue

system available. The framework should provide experiment generation scripts and tooling

which can read in multiple parameters from a single experiment list, create all desired

experiments with repeatable results, and ultimately operate on HPCs using their system-

specific parameters. Each experiment should define hundreds of potential trainings, each

individual training known as a job, and each training should have a unique parameter

combination. One method to achieve this is by iterating through the experiment list and

generating two files for each potential job: an executable bash file to start the training

and a YAML Ain’t Markup Language (YAML) configuration file which defines all training

parameters. These two files allow a user to manually start a specified job manually or for

an autonomously start by a job queue. This iterative generation will allow for hundreds of

trainings to be defined rapidly.

To simultaneously start all generated jobs on a HPC, an additional file should be gen-

erated by the framework. For all HPCs at DSRC, a computer software known as portable

batch system (PBS) is used to perform job scheduling and allocate tasks across resources.

The framework should create one PBS script per experiment which can define multiple

jobs by calling the experiment generator scripts. PBS scripts have many options, are open

source [16], and are well documented (and unclassified) for each HPC [2]. These should
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all be set by the framework when it generates the PBS, and some options are critical for

proper operation on HPCs.

Each HPC has a variety of queues available to submit jobs [2]. Each queue has a job

priority, unique wall time (maximum time a job can be run), maximum number of cores,

available number of CPUs, and available number of GPUs. Each job can then request an

interactive GPU node from the HPC and run its respective custom training. If operating

on a Cray Linux Environment instead of SUSE Enterprise Server 11, add ‘ccmrun’ before

all GPU command when in a batch node. All spawned process that are submitted through

‘subprocess’ should be set in blocking mode. Otherwise a job node may close due to in-

activity before a process-intensive training has a chance to start up. All trainings should

store progress messages and output files in unique folder names to avoid name conflict.

4.7 Finalize Framework

With the recommended steps, the general flow of the framework should have multiple

layers of software, bash scripts, and YAML scripts to support operation. A final flow starts

with a single experiment generator bash script which sets global variables and launches

an experiment generator. This then can creates a single PBS script per line as defined

in a spreadsheet. Each of these PBS can hold an array of jobs and can request a single

GPU node per job. Inside each GPU node, a unique YAML configuration file for training

and an associated unique bash script can be created. The bash can set the YAML path

and start the CNN training. With all software and data in place, several experiments can

be submitted for simultaneous training. Several weeks of training can be simultaneously

submitted and foundational baseline experiment are ready to be performed.
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CHAPTER V

RESULTS: DATA AND CTF

This chapter identifies the final software tools that enable the CTF and describes the

results of implementing the 1st and 2nd stage solutions. The final cultivated database and

the final design of the CTF are explored. For the 1st stage solution, quantifiable metrics

such as the total dataset size and number of images are discussed. For the 2nd state solution,

a full description of the final CTF design and all of its custom parameters is included. Each

achievement adds cutting-edge technology and performance.

Building on the success found in ‘Convolutional Neural Networks on Small Unmanned

Aerial Vehicles’ [9], high performance had been built with the open source framework called

CAFFE (Convolutional Architecture for Fast Feature Embedding) [17], developed by the

Berkeley Vision and Learning Center (BVLC) with community contributors. Soon after,

the neural network package TensorFlow [18] (TF) was released by Google and promised to

be the new SotA framework for training CNNs. In order to further increase performance

in classifiers, TF was selected for deeper research. More specifically, interest focuses on

training models developed using the TF-Slim interface to support the development of the

CTF. TF-Slim allows the use of abstracted code to both create new networks and use

established networks developed by others. It promised to simplify the technical knowledge

required to train up networks, but proved unreliable in high-level access to training and

multiple-GPU implementation. However, after discovering these deficiencies with the TF-

Slim tool and functionality, the framework is now refactored utilizing Keras (to TF) to

speed development. Keras provides the critical software hooks to read in YML configuration

settings and initialize a TF training.

24

35 
Approved for public release; distribution is unlimited



During the one year course of this effort, there were extensive changes in all software;

especially with TF, which progressed weekly from v0.9 to v1.4.1. There was a coincidental

effort by Anaconda experts and HPC admins to build an anaconda-supported version of

TF for HPCs, which started midway though the CTF effort. Despite their single task and

extensive expert talent, it was released a few months after the CTF was complete and over

45 days later than the proposed complete date due to the complexity of a reliable TF build.

This is but one example challenge faced and overcome in creating an integrated CTF. The

full resulting database and CTF are described below.

5.1 Data Cultivation

The 1st stage solution is to cultivate a new database containing millions of domain-

specific (aerial) annotated EO images. In total, the final database consists of 260 unique

annotated EO datasets with over 80 million unique image chips. As comparison, ImageNet

contains 14 million images. This annotated EO aerial imagery with vehicle-level GSD is

backed up and hosted on multiple shared networks. A partial sample of the final list can

be found in Table 5.1.

The final cultivated database is sourced from VEDAI [19], DLR Munich [1], several

small unmanned aervial vehicle (SUAV) collections, several aerial YouTube videos, and a

variety of additional EO sensor collections. The specified sensor imagery is contained in 42

datasets and is approximately 10 GB when tar compressed. One dataset is segregated for

Transfer-Learning (TL). All specified sensor datasets also have a negative class featuring

confusers detected by a trained SqueezeDet model and are approximately 700 MB when tar

compressed. The largest majority of annotations come from the remaining sensor datasets.

For purpose of training classifiers with varying backgrounds, all 80+ million unique chips

25

36 
Approved for public release; distribution is unlimited



Table 5.1: Subset of Available Datasets for CTF

are padded at 0.0m, 2.5m, and 5.0m of neighboring space. Each is then copied into 3 new

datasets with unique padding sizes.

A sample of a full-size image from the publicly available DLR Munich dataset can be seen

in Figure 5.1 and image chips from its annotations can be seen in Figure 5.2. Currently, 8,614

annotations are available from this dataset, with nearly 99.26% being sedans. Similarly, in

the publicly available VEDAI dataset, 1,952 annotations have been created. 36.65% are

sedans and 25.42% are pickup trucks. Of the sedans, only 8.00% are occludes, and of the

pickup trucks, only 11.31% are occluded. Due their small size, these two datasets are used

consistently as sample training and validation sets to test out CTF development and new

OS configurations.

While each dataset has distinctive collection properties and characteristics which boosts

database diversity, all publicly available dataset are required to share specific commonalities

to be included in the final distribution. First, all imagery is taken from an overhead or aerial

perspective with a depression angle ranging from 35 degrees to nadir. The majority is nadir,
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Figure 5.1: Sample Image Scene from DLR Munich [1]

while a large minority is 45 degrees. Second, all imagery features a vehicle-level GSD of 0.5

- 1.5 ft. per pixel. Satellite imagery is excluded by this requirement. Third, all vehicles are

annotated using a common ontology. This ontology includes vehicle-level classes of sedan,

SUV, van, pickup truck, semi truck, bus, RV, boat, and airplane. It also includes sub-class

descriptions such as relative size, color, and occlusion. Non-publicly available datasets differ

in several key ways which are intentionally not described in this paper.

5.2 CTF Overview

The 2nd stage solution is to design a flexible experiment generator framework which is

easy to use, can operate on the fastest supercomputers in the world, and can simultane-

ously train hundreds of unique CNN networks. The final version of the CTF successfully

uses TF and Keras to compile hyper-parameter grid-search experiments into PBS scripted
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Figure 5.2: Sample Image Chips from DLR Munich [1]

arrays. After generating these scripts, the framework then uses the PBS scheduling tool

to simultaneously execute hundreds of unique CNN-trainings on the DSRC’s HPCs. The

CTF features an easy to use spreadsheet interface, operates across 11 cutting-edge CNN

architectures, offers extensive data augmentation, has proven performance on 3 operating

systems and 30 machines, and can scaled across several HPCs GPU nodes.

5.3 Interface

To make simultaneous scaled CNN-training on HPCs more accessible to the typical user,

an excel spreadsheet titled ‘experiment generator.xlsx’ is utilized as the CTF interface. Each

row of the ‘experiments’ sheet defines an entire experiment which can submit simultaneous

jobs on the HPCs based on that row’s input parameters. This is shown in Table 5.2, which

is the left half of the ‘experiments’ sheet. Each column of the ‘experiments’ sheet accepts
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customizable inputs that determine the datasets, networks, and hyperparameters to use

in training. In all columns, multiple values can be listed within the cell by using comma

separation. This is seen in ‘batch size’ column and ‘02 weight init scratch’ where two batch

sizes are requested. For dataset-related columns (’Training’, ‘Validation’, ‘Test’), individual

datasets (represented by their number found on ‘datasets’ sheet) can combine into aggregate

datasets by using the ‘+’ symbol or listed sequentially with a comma as separator. This

allows for extensively customization in which dataset is used and opens up an exponential

number of potential training combinations.

Table 5.2: CTF Experiments List A

Detailed requirements about input formats and the full configurations options are listed

in the ‘other config options’ sheet which is shown in Table 5.3. Each input parameter pro-

vided key detail toward the final training experiments. The ‘Experiment Name’ parameter

allows for a unique string to be assigned to all generated experiments, files, and results. The

‘seed’ parameter allows a user-selected integer to be sent to the random number generators

utilized in the frame – which allows for precise repeat-ability of any experiment results.

The ‘Training’ parameter is perhaps the most crucial input as it allows a formatted string

to describe all datasets to be used in training CNNs. Similarly, the ‘Validation’ parameter
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Table 5.3: CTF Experiments List Configurations

allows for a specific dataset to be used to check the trained CNN model’s accuracy after

each epoch and print out progress messages for user assessment throughout the training

process. The ‘Test’ dataset defines the final check of trained CNN model’s accuracy after

all epochs completed. This is the only parameter not intrinsically linked to the training

process. Other datasets can be used to test outside of the CTF after a CNN is fully trained

and available. The ‘Networks’ parameter allows a string to describe all networks (CNN

architectures) to be used in this training.

The ‘finetune’ parameter allows for multiple methods to update trained models weights.

Option ‘FALSE’ will start with randomly initialized weights and update all layers. This
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is also known as training from scratch and is always the slowest approach but often the

best method for training a new model. Option ‘final layer’ will preserve all weight layers

except the last. This the fastest method and works by taking a pre-trained model and only

updating the classification layer to match desired classes while preserving model weights

related to feature extraction. Option ‘all’ will start with a pre-trained model’s weights and

update all weight layers. This is ideal method for jump starting the training process and is

often the best method of training.

The ‘epochs’ parameter allows the user to set a total number of epoch to complete before

finishing the training. The ‘batch size’ parameter allows for setting the number of images

processed at once. A larger batch leads to faster epochs, but requires more memory; this

can crash GPUs and ruin trainings if not set properly. The ‘learning rate’ parameter allows

for adjusting the strengths of weight updates by back-propagation calculations from loss

and linearly decays to smaller values as epoch grows larger. Starting with a larger learning

rate will dramatically change layer weights and avoid getting stuck in local minimums, while

a smaller learning rate will reliably change weights to more perfectly match training data.

The remaining parameters allow for adjustments to data augmentation and are described

in a following section.

5.4 Network Architectures

The CTF supports training the following networks from either random initialization or

via fine-tuning on pre-trained models: VGG16, VGG19 [20], InceptionV3 [21], Inception-

ResNetV2 [22], Densenet121, DenseNet169, DenseNet201 [23], MobileNet [24], ResNet50

[25], Xception [26], and NASNet [27]. Each architecture is included with the final CTF

due to three reasons: they contain SotA designs that excel in varying aspects of CNN
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performance, they readily integrate with CTF’s architecture calls, and they’re available of-

fline for training on HPCs. Their results are analyzed on aerial imagery in VI and more

detailed descriptions can be found in their publications and cited works. These architec-

tures are readily supported by TF and Keras and specified by listing the desired name in

experiment parameters. Available networks can be found in the ‘networks’ sheet of ‘exper-

iment generator.xlsx’ which is shown in Table 5.4. For offline use, each has a path defined

to the architecture location and the ImageNet-trained weights. The emphasis of this list is

less on the architectures themselves, but more on the ability to call whichever is desired.

When identical hyperparameters are utilized in training and only the architecture alters, a

more direct comparison is available for analysis.

Table 5.4: CTF Experiment CNN Architectures

5.5 Data Augmentation

Standard data augmentation methods defined by Keras are available and customiz-

able in the CTF. Example hyperparameter inputs to adjust the data augmentation can
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be found in the second half of the ‘experiments’ sheet as shown in Table 5.5. These in-

clude rescale, channel shift range, zoom range, rotation range, fill mode, horizontal flip,

vertical flip, width shift range, height shift range, and cval. Data augmentation adds fea-

ture diversity, overcomes look angle deficiencies, and grows the size of training datasets.

The ‘comments’ column provides suggestions for the user when selecting a hyperparameter

value.To establish the initial benchmarks created in chapter VI, data augmentation is used

extensively for all experiments and is held to standard values. Evaluating effects of data

augmentation manipulation is left to future work. For more details on these hyperparame-

ters, please see the Keras documentation [28].

Table 5.5: CTF Experiment List B - Data Augmentation

5.6 Hardware and OS

Identifying, accessing, and utilizing hardware capable of CNN training at the desired

SotA performance is a large portion of this effort. Each of the machines listed in Table 5.6

is used in part to test and develop the CTF. Computational processing unit (CPU) count

and memory are listed for single compute node while graphical processing unit (GPU) and
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memory are reported per GPU compute note. CNN training primarily utilizes GPUs and

their metrics are most critical for performance. The average GPU node consisted of 2

GPUs and has 12 GB of memory. In total, HPC Thunder has 178 GPU compute nodes

(356 GPUs), HPC Lightning has 32 GPU compute nodes (32 GPUs), and HPC Topaz has

32 GPU compute nodes (32 GPUs).

Table 5.6: CTF Available Hardware

The priority of supporting updating software versions and implementing on increasingly

powerful systems lead to building multiple modules for the multiple software packages (and

hundreds of dependencies). All environment modules are tested on each desired OS, for

all desired CNN architectures, and for all required software. Final CTF modules used in

experiments are version locked to Keras/2.1.1, Keras/2.1.2, TF/1.4.0, and TF/1.4.1 for
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reliability. Each is built on the following operating systems and networks: Ubuntu 16.04,

Ubuntu 14.04, Linux SUSE on DSRC’s HPC Thunder, and Linux Cray on ERDC’s HPC

ONYX. Non-HPC hardware is critical for software development and stabilization before

porting to HPCs. Reliable build scripts and tooling is available to support on any network

with these OS’s on any network, including other top 100 HPCS such as HPC Topaz, HPC

Mustang, and HPC Excalibur.

5.7 Simultaneous Scaling

The fully functioning CTF can scale the number of jobs to simultaneously train CNNs.

The final version of the CTF successfully compiles hyper-parameter grid-search experiments

(as defined in an experiment definition spreadsheet) into PBS scripted arrays of individual

CNN-training instances. After generating PBS scripts, the framework then uses the PBS

scheduling tool to execute 100s of unique CNN-trainings on the HPCs specific parameters

to submit jobs to the HPC. These parameters are defined on the ‘hpc args’ sheet in ‘ex-

periment list.xlsx’ and are shown in Table 5.7. Each queue provides variation in priority

and GPU availability, and it is necessary to adjust the HPC configurations to match. As

allocated HPC hours are used up, a new (often slower) queue is selected to allow training

to continue until new hours are provided. Currently, the CTF is deployed on ONYX and

Thunder - ONYX is chosen as the fastest available supercomputer, and Thunder is chosen

for its stable builds of TF and large GPU hardware.

5.8 Summary

The effort to create a CTF is ambitious, complex, and on the bleeding edge of technology.

Building on the preceding CAFFE framework success [9], all matching algorithms and
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Table 5.7: CTF HPC Configurations

data have been ported to TF to replicate results. By achieving technological parity in a

demonstratively more powerful and flexible framework of TF, technical competency has

allowed for the incorporation of drastically more datasets, several more CNN architectures,

and significantly advanced performance. The bleeding edge nature of these software tools

requires consistent troubleshooting and debugging to overcome rapidly outdated code and

tutorials. These challenges are overcome by incrementally increasing technical capacity,

developing reliable build scripts with robust error checks, and weekly reviews of latest

code and techniques. This performance is increased by an order of magnitude by remotely

submitting multiple jobs to HPCs with multi-GPU threading with TF. This all culminates

in a CTF which allows a non-technical user to reliably access, define, and distribute SotA

machine learning on supercomputers
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CHAPTER VI

RESULTS: EXPERIMENTS

This chapter shows results from the 3rd stage solution of a select sample benchmark of

aerial imagery and performance of select experiments. In particular, detailed descriptions

of CTF’s initial experiments, full experiments, time-restrained transfer learning, and future

work are given. Each experiment illustrates a potential usage of the CTF and establishes a

sample benchmark for future technologists. This massive adaptation of parameters allows

the user to run hundreds of individual CNN trainings from a single row of inputs. Because

CNN methods require empirical verification to identify the optimized hyperparameters per

dataset, the CTF is an effective approach to show every combination and to determine

conclusive results. These exhaustive results coupled with interchangeable input datasets

provides the valuable tools required for intensive benchmarking analysis.

6.1 Calibration Experiments

The first phase of experiments are defined in #01-06 of ‘experiments’ sheet shown in

Table 6.1. They are designed to be a lightweight trainings that can quickly and thoroughly

test CTF functionality of the simultaneous scaling and iterations across multiple hyperpa-

rameters, such as dataset, epoch, and learning rate. They also establish initial benchmarks

and hyperparameters to use in full experiments. Each calibrates a particular key function-

ality and are critical for validating the CTF on a new OS where all ported software, data,

and scaling require testing.
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6.1.1 Initial Calibration

The first experiment, ‘01 Accuracy’, is an accuracy demo which trains only four ar-

chitectures on previously established hyperparameters to confirm CTF accuracy matches

expectation. This was run on each new OS where the CTF is ported as a calibration step.

It’s single training dataset is an aggregate that includes DLR Munich, VEDAI, and TL;

validation dataset is VEDAI, and test dataset is VEDAI. It trains 4 separate architectures

VGG16, VGG19, Inception v3, and Inception ResNet V2 by finetuning all layers (from

ImageNet) for 50 epochs at a single learning rates of 0.01. It also uses a higher than typical

batch size to evaluate memory availability of the training GPU, which. In practice, this

experiment ended after a few epochs due to most GPUs only had enough memory for a

lower batch size and this initial test revealed the upper limits quickly.

Table 6.1: Experiments List A

Experiments #02-04 are similar calibration test focusing on checking ability to iterate

through multiple datasets and learning rates. The individual experiments differ primarily in

their finetune methodology - training from scratch (random weights), just the final classifi-

cation layer, and from ImageNet respectively. The motivation to separate these into distinct
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rows instead of a single, iterated experiment is to allow for quicker analysis of results due

to each finetune results saved to an experiment-specific folder and easily separable. All are

trained separately on DLR Munich(differing chip sizes of 0.0m, 2.5m, and 5.0m), and on a

single SUAV dataset, ‘191440z 02 pad 0.0’. They validate on the aggregate of DLR Munich

with a single Youtube dataset, ‘aerial drone view on highway in california 1080p pad 0.0’.

It is then tested on an aggregate of DLR Munich, the first SUAV dataset (’141128z 02 pad 0.0’),

and TL. All train for only a single epoch to minimize HPC hours utilized while deploying

96 unique trainings with both validation and test data results. The number of training

instances can be calculated by multiplying the number of unique (comma separated) hyper-

parameters across each experiment. In the example case of #04, there are 24 trainings: (1

seed) x (2 train datasets) x (1 validation) x (1 test) x (4 networks) x (1 finetune method) x

(1 epoch) x (1 batch) x (1 GPU) x (3 learning rates). Multiply this by 3 experiments and

the second batch size of 32 in #02 accumulates in 96 unique trainings. Analysis of these

trainings reveal were CTF may fail and where developers can focus first efforts to ensure

new OS compatibility.

6.1.2 Extended Calibration

Experiment ‘05 Coarse Grid 01’ is the first long-term training. By holding other hy-

perparameters constant, it provides feedback about which learning rate is ideal for which

network and which finetune method. It is very similar to #01 in hyperparameters, differing

in a corrected value of 64 for the batch size, allows for a full epoch size of 100 and 3 learn-

ing rates. Once run to completion, results confirmed theoretical knowledge that a starting

learning rate of 0.001 is ideal when training from scratch (finetune=FALSE), while a learn-

ing rate of 0.0001 is better when finetuning final layer or all layers. A larger learning rate is
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desirable when bigger changes in weight values are desired - such as training from random.

A smaller learning rate is desirable when incremental changes in weight are described - such

as finetuning a final layer or from ImageNet. As expected, accuracy values are inflated due

to testing on training data and not reported.

The final calibration experiment, ‘06 FT Offline’, is a quick verification test of the offline

performances of all 11 available networks architectures.Offline instances of the network

architectures are stable archived alternatives to latest online architectures which is required

to utilize a dedicated HPC GPU node. It minimizes difference in network accuracies by using

a single set of hyperparamenters and training, validated, and tested only on VEDAI (a small

dataset), which provides key insights on where some networks failed. In addition to checking

all architectures, it also checks all finetune methods. After 10-20 epochs, most trainings

can be manually canceled as networks establish a reliable pattern of loss convergences or

fail to improve. Networks that error out, fail to update training weights, or fail to improve

accuracy are all discoverable. This experiment led to several minor fixes of faulty offline

network layers, refined Keras configurations, and informed design of full experiments. Again

accuracy is inflated due to testing on training data. These six calibrations can be submitted

sequentially or simultaneously to reliably verify CTF operation. Once all resulting concerns

are discovered, addressed, and corrected, full experiments can be usefully undertaken.

6.2 Full Experiments

The second phase of experiments are defined in #07-12. Their design is to be exhaustive

trainings over several days on the entire cultivated database, across each architecture, and

with each finetune method. All other hyperparameters are held to previously established
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best defaults. This is a standard approach to fully training CNNs and final results are

available for analysis after trainings complete.

Every positive non-sensor dataset, every network, and every finetune method is in #07-

09. For #10-12 this is repeated with the addition of the negative, confuser class datasets.

Validation is performed on VEDAI and testing on TL - which are both withheld from

training dataset to assess the effectiveness of transfer learning on similarly aerial EO data

collected on different sensors and scenes. All trainings are left to run for 168 hours, which is

the maximum walltime allowable by HPC. It should be noted that the when the allowance

of computing hours on HPCs expire, it becomes necessary to submit all experiments to a

slower, more crowded background queue. After being submitted, a typical 168-hour CNN-

training may wait a week in the queue before the training started.

From the six experiments, 60 individual trainings are created. With periodic checking

on validation accuracies throughout the 168 hour windows, poor performing or successfully

converged results can be manually exited as needed to save HPC hours. If all are allowed

to complete, a total of 10,080 training hours will be used. Select results primarily from

experiment ‘09 Pos All’ are shown in Table 6.2 below and compared in the last two columns

with results from ‘08 Pos Final’ and ‘07 Pos Scratch’. Results from #10-12 are not shown

here as they do not significantly differ in accuracies, but are available for further data

analysis.

6.2.1 Training Analysis

Experiment ‘09 Pos All’ emphasized finetuning all network layers from ImageNet (the

default for all accuracies shown below). The network architectures used for training are

listed in the first column. Four distinct networks are shown to illustrate the diversity of
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Table 6.2: CNN-Training on Postive Annotations

dataset and relative strengths of each. The next five columns display the accuracies of the

trained networks when tested on unique datasets listed in the column header. The group

header ‘Train Learning’ indicates that DLR Munich, SUAV, and YouTube test datasets

are similar to the trained dataset – either sharing a video source or is a subset. These

are the strongest results and highlight the value of stratifying datasets for validation and

testing. In particular, SUAV and YouTube test datasets had the best results of 99% accuracy

because there are more SUAV and YouTube training datasets present - combined, they are

approximately 80% of the training dataset. DLR Munich tested well in the 80% accuracy

range, which is commendable considering it consists of only 7 unique image frames and

less than 10,000 image chips of the total dataset. Results were consistent from 3 of the

4 networks, but VGG19 accuracies were significantly lower. This is likely caused by the

slower weight-training speed of VGG19 which was still increasing accuracies and had not

converged to a final training weight in 100 epochs or 168 training hours.

In the next group header, accuracies from ‘Transfer Learning’ are displayed. These

dataset feature completely different sensors, GSDs, lighting, and viewing angles. These

result are noticeably weaker at 50% - 60% overall, but still show potential as a starting

point for further finetuning and this is explored in the last experiment. There is also some

performance lost due to class mismatch. Since VEDAI and TL are isolated datasets, some
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new classes are present in testing that did not occur often or at all in training and visa-versa.

This subtracted from the final accuracy score and is a ready area for CTF improvement.

VGG19 again performs at lower accuracy for similar reasons.

6.2.2 Finetuning Analysis

The last two columns in group header ‘FineTune Method’ displays the percent in-

crease in accuracy when finetuning just the final layer from ImageNet weights, as de-

fined in ‘08 Pos Final’, and finetuning from scratch (random initial weights) as defined in

‘07 Pos Scratch’. These accuracies are determined by testing on DLR Munich, chosen for its

generally high accuracies while not being potentially overfit. Each architecture responded

differently to these finetuning methods, but overall fairly poorly. The best accuracy for final

layer finetuning comes from Inception v3 at 77.59% then MobileNet at 59.50%. The most

likely reason for this lower accuracy is the fine tune method itself. By only changing the

weights of the final layer in deep CNN with several distinctive layers, only ImageNet-familiar

features will be extracted and mapped to the new classes defined in the final layer. With

training image chips that different distinctly from ImageNet (overhead vehicles instead of

front facing dogs), the existing feature extraction cannot reliably map to new classes.

Even more pronounced, the best accuracy for scratch finetuning comes from Inception

v3 at 26.87% and then ResNet50 at 16.87%. In theory, training from scratch could provide

the most accurate results since weight changes are purely influenced by the training dataset.

This may still hold true, but with 100 epochs and 168 training hours all converged to non-

optimal solutions for each of the provided architectures. Two potential solutions to overcome

this is to experiment with a higher learning weights and with a wide variety of randomly

initialized weights. The small learning rate selected in lightweight calibration training didn’t
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allow for significant weight changes to avoid local minimums in the problem space. It’s also

probable that a different random initialization of weights would lead to better converged

solution - especially if the weights look closer to ImageNet. These two columns confirm that

finetuning all layers from ImageNet is consistently the best and fastest method.

6.3 Time-Restrained Transfer Learning

In addition to the calibration and full experiment results, another short experiment

‘13 Transfer Learning’ is designed to explore rapid transfer learning on the TL dataset.

Building from a pre-trained weights trained in ‘09 Pos All’, multiple networks are finetuned

on the TL dataset for a time-restrained 6 hours. Once the number of epoch achieved, the

latest accuracy on validation dataset (TL) and the current loss in training are displayed in

Table 6.3. The faster networks are able to converge with high accuracy within the tight

time limit, and a general convergence is occurring for all featured networks.

Table 6.3: Time-Restricted Validation on TL Dataset

All networks are successfully at rapidly minimizing loss and improving accuracy scores on

the TL dataset, with the exception of VGG19 due to it’s previously stated configurations.

When comparing to previous results, Inception v3 has improved to 69.85% (increase of
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8.81%), MobileNet to 98.23% (increase of 37.63%), and ResNet50 to 70.03% (increase of

11.92%). Each of these is an impressive improvement in such a short time frame. The loss

values provide a snapshot view which indicate there’s even more potential for improving.

Inception v3, Inception ResNet v2, and ResNet50 have loss between 0.47 - 0.54 which can

ideally be decreased similar to the 0.07 found in MobileNet with just a few more hours of

training. MobileNet is the best performer in time-restricted scenarios primarily because it’s

the fastest network to train. It completes 26 epochs in the same time as the next fastest

architecture, ResNet50, completes only 10 - approximately 2.6 times faster. This validates

that the TL dataset can be used for training, and previous experiment test accuracies are

due to distinct differences in dataset characteristics and transfer learning.

6.4 Future Work: Planned Experiments

With a flexible CTF and established sample benchmarks, future work leads to more

diverse use cases to provide insight on the optimal CNN training. In an effort to remove

reliance on exhaustive empirically training across 1,000s of GPU hours and 1,000s of hyper-

parameter combinations, several potential experiments have been brainstormed and planned

for future work. The first two are designed to explore the stability of current datasets. First,

experimentation can be performed with the multiple classification layers available in the on-

tology - size of vehicles, colors of vehicles, and type of vehicles. By training on one type

and testing on another, transferability between size, color, and type can be determined.

If critical training classes properties can be separated from non-critical, valuable time in

training, annotating, and data cultivation can be save. The second experiment plans to

explore the effects of variation in hyperparameters across a range of suitable values. For

results presented here, initial default values were used in all trainings which occasionally
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provided poor accuracies. A massive simultaneous training across all reasonable hyper-

parameters could generated 1,000s of unique results which could be analyzed for optimal

inputs. This would allow for key insights toward ideal hyperparameters for each unique

dataset and architectures.

Additional experiments are intended to vary the training datasets. One aims is to

train a complete network from all existing datasets, starting from weight initialization from

ImageNet and with no data withheld for validation. Next, an experiment will explore unsu-

pervised or weakly-supervised DL techniques to remove the massive annotation requirement

for most CNN-training. Another experiment will fully assess the potential of transfer learn-

ing – the practice of training on one dataset and testing on another. A further experiment

will build on the yet-unused orientation information in the annotations. It’s planned to

analyze object orientation by training on select views angles of an object (such as 0 - 270

degrees), and then testing on the unseen views of the object (such as the remaining 90

degrees). An experiment is designed to analyze dataset compression by training on large

image resolutions and testing on small resolutions - and vise-versa. An experiment to dy-

namically adjust the size of training sets to see how performance varies and find minimum

quantities to achieve effective results. An experiment could better quantify the benefits of

data augmentation and diagnose the most influential changes made on training data. Each

of these planned experiments can easily spin-off into a new project and establish several

useful benchmarks for all future CNN progress.

Finally, to increase hardware performance and total number of training, the CTF can

readily be added to new linux OS and HPCs. Reliable build scripts and tooling is available

to support on any network with tested OSs on any computer network, including other top

100 HPCS such as HPC Topaz, HPC Mustang, and HPC Excallibur. The performances

46

57 
Approved for public release; distribution is unlimited



provided by the three stage solution of a massive cultivated dataset, customizable CTF on

HPCs, and sample benchmarks are foundational in exploring the future of CNNs.
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CHAPTER VII

CONCLUSION

To conclude, a three-stage solution has been presented: (1) To cultivate a new dataset

containing millions of domain-specific (aerial) annotated EO images; (2) to design a flexible

experiment generator framework which is easy to use, can operate on the fastest supercom-

puters in the world, and can simultaneously train hundreds of unique CNN networks; and

(3) to establish benchmarks of accuracies and optimal training hyperparameters. Results

show an established CTF with the performance to operates across 11 cutting-edge CNN

network architectures, 260 cultivated datasets featuring tens of millions of aerial image

chips, and across 3 unique computer operating systems. A select sample benchmark of this

performance was performed for 100s of CNN trainings and accuracies displayed for a variety

of testing paradigms – including test on withheld training data subset, transfer learning to

similar datasets, and fine-tuning on new datasets. The tools, performances, and knowledge

developed will benefit future projects for year to come.
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