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1. Introduction

Autonomous systems may find it difficult to perceive environments that contain
very bright or very dim areas. For example, entering a dark cave from a bright
environment with the light emitted from the entrance as the only available light
source. A person’s vision can adjust for these changes in luminance so that they are
able to observe their surroundings fairly accurately. However, this is not the case
with autonomous systems. The real world is visually represented as high dynamic
range (HDR)—meaning that it contains a wide range of luminance. Humans are
better able to perceive HDR content in real time. Autonomous systems often use
computer vision (CV) algorithms for analyzing images of their surroundings
captured with their onboard camera. Most CV algorithms are only able to interpret
low dynamic range (LDR) images because that is all they have been trained on.
However, the dynamic range of LDR images is limited, as they do not capture the
full luminance range seen in real-world environments. In addition, it has been
shown that many LDR-trained CV models perform poorly when evaluated on HDR
imagery.!

It would be ideal for the U.S. Army to improve the perception capabilities of their
autonomous systems on the battlefield. An initial step toward this would be to
upgrade the cameras of these systems to HDR cameras. Then, by training the
autonomous systems’ CV models on the HDR image data, they would be able to
analyze HDR camera images captured from the battlefield. These images would
provide the models with closer visual representations of the battlefield, which often
contain areas with variable lighting. Extremely bright or dim areas captured from
the HDR environment may appear as over-/underexposed in an LDR image due to
its limited luminance range. Those areas would provide no information for an LDR-
trained CV model to learn from, which is why Army autonomous systems should
use CV models trained on HDR imagery instead. This would allow the autonomous
systems to better inform Soldiers of their surroundings and increase their situational
awareness.

A type of CV model that would be useful for Army autonomous systems—
especially if they were enhanced with HDR image training—is a visual saliency
model. Saliency models try to predict where in an image a human might or should
look. Those predicted locations often contain important objects of interest, such as
potential hazards, adversaries, or obstacles. Autonomous systems on the battlefield
that use HDR-trained saliency models could help to better inform Soldiers of these
potential dangers. However, an obstacle that presents itself is the severe lack of
available HDR saliency datasets. We found only four publicly available HDR
saliency datasets online and only half of those are image datasets. Two image



datasets (HDR-Eye? and ETHyma®) only contain 57 images between them. Most
CV models need to be trained from scratch using hundreds or thousands of images
in order to perform well. In addition, we cannot use the few HDR images from
those datasets to fine-tune the LDR-trained saliency models either, as their
backbones were not designed to process higher-bit image input like HDR. To
potentially circumvent these issues, we propose the development of a pipeline that
converts existing LDR saliency and image classification datasets into pseudo-HDR
image datasets and retrains saliency models and their backbones using these
pseudo-HDR datasets. As part of this work, the models’ backbones would also need
to be modified so that they will be able to process HDR image input. From there,
the pseudo-HDR image datasets, after being preprocessed into a readable format
for the backbones, would be used to retrain the backbones and the models
themselves (their fixation heads, specifically). After retraining the models, we plan
to evaluate them using real HDR saliency image datasets. In this report, we describe
the development of a pseudo-HDR preprocessing pipeline designed to accomplish
this aforementioned task. Current development progress includes detailing the
selection of multiple LDR and HDR image datasets, expansion operators (EOs),
and saliency models, describing the randomization process used before image
preprocessing, the LDR to pseudo-HDR image conversion, and the selection of the
image preprocessing methods.

2. Pipeline Development

2.1 Overview

The components of the pseudo-HDR pipeline that have already been implemented
can be seen in Figures 1 and 2. In Figure 1, the process behind retraining the
saliency models’ backbones is shown. An LDR image classification dataset—
specifically, one that was used to train one of the saliency models’ backbones—is
selected. Then, it is converted into pseudo-HDR using each of the EOs (a.k.a.,
inverse tone mapping). Together, the output images from each EO form a mixed
pseudo-HDR classification dataset. The pseudo-HDR images from that mixed
dataset are then normalized using various preprocessing methods. This is so that
the images can be read by the classification model’s backbone. Afterward, the
backbone of the classification model is retrained using the pseudo-HDR images.
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Figure 1. A diagram displaying the first half of the pseudo-HDR preprocessing pipeline,
which is the retraining of the saliency models’ image classification backbone.

The second half of the pipeline can be seen in Figure 2. In this half, the process
behind retraining each of the saliency models is shown. The steps are similar to the
steps from Figure 1. One difference is that LDR saliency datasets are being
converted into pseudo-HDR instead of image classification datasets, because the
saliency models are being retrained in this case. Another difference is that the
saliency model backbone in Figure 2 is the same retrained pseudo-HDR image
classification backbone from the classification model in Figure 1. The goal here is
to retrain the saliency models’ fixation heads using pseudo-HDR images converted
from the LDR saliency datasets that the saliency models were originally trained on.
Note that the steps in Figures 1 and 2 are repeated for each saliency model and their
corresponding classification backbone model.
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Figure2. A diagram displaying the second half of the pseudo-HDR preprocessing pipeline.
This shows the retraining of the saliency models, which use the same pseudo-HDR retrained
backbone from the image classification model shown in Figure 1.



2.2 Current Progress

2.2.1 Visual Saliency Models

One of the first steps we completed when developing this pipeline was to select
visual saliency models that we could later retrain using the pseudo-HDR images.
When selecting each saliency model, we considered various factors. We prioritized
models that were trained on LDR images, that ranked highly in several metrics of
the Massachusetts Institute of Technology (MIT)/Tuebingen Saliency Benchmark,*
and that could be easily implemented on our computers. For the four models we
selected, we managed to successfully install, test, and confirm their functionality.
The models we chose included Universal Image and Video Saliency (UNISAL),’
Multi-Level Network (ML-Net),® Expandable Multi-Layer Network (EML-NET),’
and TranSalNet.?

UNISAL unites static (image) and dynamic (video) saliency into a single model
framework while also being computationally simple.’ For its backbone, it uses
MobileNetV2.” ML-Net uses a feature extracting convolutional neural network
(CNN), a feature encoding network, and a prior learning network to predict saliency
maps.® The backbone it uses is VGG-16.!° EML-NET uses a multimodality system
with prior knowledge to obtain a better saliency understanding.” This model uses a
combination of two backbones. For the EML-NET model, the model’s developers
used NasNet-Large'' and DenseNet-161.!2 However, on the model’s GitHub
repository, the developers used two differently trained versions of ResNet-50
instead.!® TranSalNet unites the elements from transformers with CNNs for the
purpose of acquiring long-range contextual visual information.® There are two
versions of this model, each named for their model backbone. TranSalNet Res uses
ResNet-50 and TranSalNet Dense uses DenseNet-161 (for TranSalNet we used
TranSalNet Res).

2.2.2 Datasets

The visual saliency models that were selected dictated which LDR saliency datasets
would be used. We also identified the LDR classification datasets used for training
each model’s backbone. Almost all of the model’s backbones (MobileNetV2,
VGG-16, ResNet-50, NasNet-Large, and DenseNet-161) were trained on
ImageNet.'* The remaining backbones (i.e., alternate versions of ResNet-50 and
DenseNet-161) were trained on the Places365' dataset.

For all saliency models selected, each was trained at minimum on a version of the
Saliency in Context (SALICON)'® dataset. Since UNISAL focused on using both
images and videos, it was trained using more than just the SALICON dataset. In



addition, UNISAL was trained on the Dynamic Human Fixation (DHF1K),!
Hollywood-2,'®!” and the University of Central Florida sports'®2° datasets. Both
EML-NET and TranSalNet were fine-tuned on the CAT2000%! dataset. ML-Net,
EML-NET, and TranSalNet were all fine-tuned on the MIT10032? dataset. All of
these datasets, including the training datasets for the model backbones, will
eventually be converted into pseudo-HDR to retrain the saliency models as part of
our pipeline.

Additionally, we have selected two real HDR datasets that will eventually be used
to evaluate the saliency models once they have been retrained: the HDR-Eye? and
the ETHyma® datasets. All of the datasets that we have mentioned thus far—both
LDR and HDR—have been downloaded.

2.2.3 EOs and Pseudo-HDR Image Conversion

To convert all of the images from the various LDR image datasets into pseudo-
HDR, EOs were utilized. EOs (a.k.a., inverse tone mappers) expand the range of
luminance values within LDR images. Doing so allows the expanded LDR images
to emulate HDR imagery because real HDR images contain luminance values of a
much wider range than LDR. In other words, these LDR images were converted
into a pseudo-HDR format using the EOs.

For the pipeline, we decided to use multiple EOs to prevent any of the saliency
models from overfitting on the output originating from a single EO. Each of the
selected EOs is one of two types: deep neural networks (DNNs) or shallow. DNN
EOs were used because they are often more accurate than shallow operators within
their chosen domain, but not very generalizable. Shallow EOs were used because
they are good at generalizing across multiple image domains; however, they are not
as accurate as many DNNS. In the end, we chose four shallow and four DNN EOs.
Most of the EOs that we selected were listed on the Moscow State University’s
HDR Video Reconstruction Benchmark®® and could be implemented on our
computers. We used the following DNN EOs: hdrcnn,?* ExpandNet,> HDRUNet,?¢
and TwostageHDR.?” And, we used the following shallow EOs: Kovaleski—
Oliveira,?® Huo,?”” Kuo,*® and Landis®! methods. The specific versions of these
methods that we used for the pipeline came from the HDR Toolbox,*? which
contained implementations of each function written in MATLAB.

The plan for converting the LDR datasets into pseudo-HDR involves dividing the
images in each LDR dataset into nine sections. Eight of those sections would be
converted by the eight EOs, while the ninth would remain as an LDR. The section
placements for each image from the LDR datasets were determined using a random
shuffle function. Randomly shuffling the images helps to reduce any biases that



could occur from manually picking the sections. Using this conversion plan, we
have currently converted the ImageNet and SALICON LDR datasets.

2.2.4 Image Preprocessing Methods

While investigating how to process HDR imagery using a CV algorithm, we
examined how some tone mappers processed their HDR input before compressing
them. We believe this may be an initial step needed to further convert the pseudo-
HDR images into an interpretable format for retraining the backbones of LDR
models. In the end, we decided to try to incorporate some of these methods for the

1.3} Currently, we

pipeline by pursuing a similar process as seen in Mukherjee et a
have implemented six preprocessing methods in Python to be used for the pipeline.
One is the linear conversion method, which normalizes a pseudo-HDR image such

that its pixel values are 8-bit integers ranging from 0 to 255.

Another method is the gamma tone mapping linear conversion method, which is
based on a method presented in Panetta et al.** In our implementation, a pseudo-
HDR image has its pixel values normalized into 32-bit floating point representation,
then tone mapped with the gamma value set to 2.1, and then normalized again using
the aforementioned linear conversion method. The next method we implemented
was floating point normalization, which normalizes a pseudo-HDR image such that
its pixel values are 64-bit floating points ranging from 0 to 1. The fourth method
that was implemented was the HDR pixel rescale method, which was based on a
method in Mukherjee et al.*® This method normalizes a pseudo-HDR image such
that its pixel values are 64-bit floating points that range from 10~ to 255. The fifth
method was adaptive log compression, which originated from Vinker et al.**> This
method converts the red—green—blue (RGB) pixel values from a pseudo-HDR
image into YUV color space values and then applies adaptive logarithmic
compression to the luminance pixel values (i.e., the “Y” values). The sixth and final
method was the illumination and reflectance filter extraction method, which is
based on a method from Yang et al.*® This method uses Laplacian pyramids to break
down a pseudo-HDR image into its detail and base illumination components, the
resulting outputs are effectively LDR versions of the pseudo-HDR image.



3. Conclusion

In this report, we described the development progress of a pseudo-HDR
preprocessing pipeline. This includes the selection of several saliency models for
retraining, LDR image datasets and EOs for pseudo-HDR conversion, and
preprocessing methods. The next step planned for the pipeline is to finish
converting all LDR training datasets into pseudo-HDR. After preprocessing those
images, we will need to modify the backbones of the saliency models to accept
HDR input for training. We would then be able to retrain the saliency models—
both their backbones and fixation heads—using the converted and preprocessed
pseudo-HDR images. Finally, we will evaluate these retrained models on real HDR
saliency datasets (HDR-Eye and ETHyma) and compare their results to the original
models evaluated on the same datasets.

In the future, we may consider modifying the pipeline based on an approach
presented by Watanabe et al.>” They propose an alternative approach for using HDR
image content in LDR CV models. Rather than converting LDR images into
pseudo-HDR, they convert HDR images into pseudo-LDR using tone mapping
algorithms.’” Specifically, they create multiple pseudo-LDR images by using
different tone mapping parameters, sending each of them as input to an object
detection model, and then merging each of their outputs using non-maximum
suppression.’” Their process mimics exposure bracketing—a camera technique that
captures multiple LDR images of the same target at different exposures and merges
them into one. In their case, however, they are doing the reverse.
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Convolutional Neural Network
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Deep Neural Network
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