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Abstract

Light propagates from the object through the optics up to the sensor to create an
image. Once the raw data is collected, it is processed through a complex image
signal processing (ISP) pipeline to produce an image compatible with human
perception. However, this processing is rarely considered in machine learning
modelling because available benchmark data sets are generally not in raw format.
This study shows how to embed the forward acquisition process into the machine
learning model. We consider the optical system and the ISP separately. Following
the acquisition process, we start from a drone and airship image dataset to emulate
realistic satellite raw images with on-demand parameters. The end-to-end process
is built to resemble the optics and sensor of the satellite setup. These parameters
are satellite mirror size, focal length, pixel size and pattern, exposure time and
atmospheric haze. After raw data collection, the ISP plays a crucial role in neural
network robustness. We jointly optimize a parameterized differentiable image
processing pipeline with a neural network model. This can lead to speed up and
stabilization of classifier training at a margin of up to 20% in validation accuracy.

1 Introduction

In most common supervised-learning models for computational imaging, the typical approach is to
feed the model with already processed images, extrapolate information and obtain a result depending
on the model’s task. Consequently, the model strictly depends on the data distribution, learning
its spatial features and noise model statistics. However, [17] points out that perturbations applied
to an already processed image can produce artefacts that are not faithful to the physics of camera
processing. Furthermore, results in optics further support the concern that the noise obtained from an
image processing pipeline is distinct from noise added to an already processed image [|18, [9]. Taking
a step back, the data which better resemble the object’s physical properties is the raw image collected
directly on the sensor. Data from all current sensors is processed first in the analogue and then in
the digital domain. This processing, however, if done with care, does not detract from the "rawness"
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of the data. Every image signal processing (ISP) pipeline introduces slight variations to the image,
irreversibly corrupting the original information.

In this study, we embedded physics prior knowledge into a machine learning model starting from the
object, through the optics, to the sensor. The aim is to open neural networks’ black box by combining
it with a well-known forward process, the white-box model. Having access to a well-defined white-
box model, we can embed its information inside the network in order to obtain a hybrid model where
we partially know how it should respond. The framework proposed is a hybrid model which combines
our physical knowledge of the optical setup, sensor calibration data and ISP with a less interpretable
learning process. Combining enables us to go beyond what is possible with augmentation [[7, (5, |14]
and catalogue testing [[10} 2} |13} [11].

Our main contributions are:

* Parametric ISP We embedded a parametric mathematical data model into the model
architecture. Given this differentiable forward model pyoc, the gradient from the upstream
task model a5k can propagate to proc. Thus, it enables the model to adapt to a specific
white-box forward process. The data model considered for this application is an image
signal process pipeline.

* Satellite Imagery Emulation We provide an explicit end-to-end parametric physics-based
emulation. Starting from the drone imagery, based on the optical setup, sensor calibration
properties and satellite dynamics, we emulated physically faithful satellite images. The
process is differentiable and can be integrated into the model as  proc.

2 Physics-based data processing

What is a raw image Image acquisition has traditionally been optimized for the human perception
of a scene [[8,|16]]. Hence imaging cameras, are usually calibrated to aid the human eye to perform
some downstream task. However, this process that gives rise to optical image data, which ultimately
forms the basis for downstream machine learning models, is rarely considered in the machine learning
robustness literature. Conversely, most research has been conducted on processed RGB image
representations. The raw sensor image Xgraw obtained from a camera differs substantially from the
processed image that is used in conventional machine learning pipelines. A more precise term for
raw data would be “metrologically accurate” data, and it preserves the following properties:

1. The statistical uncertainty (also referred to as error or noise) of a given pixel is uncorrelated to
other pixels.

2. Each sample arises from a well-defined statistical distribution.

3. Pixels are unbiased, i.e. mean sample values accurately represent the amount of incident light.
These are necessary to apply standard statistical methods to data. The Xgraw state appears like a grey
scale image with a grid structure. This grid is given by a colour filter array, commonly the Bayer
pattern, which lies over sensors [4]]. The final RGB image v is the result of a series of transformations
applied to Xraw . For many steps in this process, different possible algorithms exist. Starting from
a single xraw , all those possible combinations can generate an exponential number of possible
images that are slightly different in terms of colours, lighting and blur — variations that contribute to
dataset drift. In[I]a conventional pipeline from Xgraw to the final RGB image v is depicted.

Raw dataset acquisition As scientifically calibrated and labelled raw data is, to the best of our
knowledge, currently not publicly available, we acquired two raw datasets as part of this study:
Raw-Microscopy and Raw-Drone [12]]|'| Raw-Microscopy consists of expert annotated blood smear
microscope images. Raw-Drone comprises drone images with annotations of cars. Our motivation
behind the acquisition of these particular datasets was threefold. First, we wanted to ensure that
the acquired datasets provide good coverage of representative machine learning tasks, including
classification (Raw-Microscopy) and regression (Raw-Drone). Second, we wanted to collect data
on applications that, to our minds, are disposed toward positive welfare impact in today’s world,
including medicine (Raw-Microscopy) and environmental surveying (Raw-Drone). Third, the optical
and sensor forward model for a classical microscopy setup and drone has some similarities. We took
advantage of this architecture to build a general emulation framework.

'We make both datasets publicly available at https://zenodo.org/record/5235536



Figure 1: Schematic illustration of an optical imaging pipeline, the data states and novel, raw-enabled

dataset drift controls. Datatransitions through different representations. The measurement process

yields metrologically accurate raw dataaw , where the errors on each pixel are uncorrelated and

unbiased. From the raw sensor, state data undergoes stages of image signal processipgd(/SP)

the data model we consider here. Finally, the data is consumed by a machine learning task model
task Which outputsy.

Figure 2: Metrologically consistent imagery satellite emulation. a) Schematic representation of the
experimental setup. Raw images are collected with a drone ying at 250m. The emulated system is
a payload satellite at the height of 600km. b) Sample false-colour images and segmentation masks
(insets) at various stages of the emulation pipeline. The input image from the drone (top) is sharp,
highly resolved and has good contrast, and the car (Bayer-pattern zoom on the top left) is easily
recognized. The image is more and more degraded throughout the pipeline (images to the right and
below), and only a featureless blob remains of the car (Bayer-pattern zoom on the bottom left).

3 Methods

Emulated Satellite The proposed method emulates the acquisition process of an imaging satellite
payload starting from images collected with a drone [3]. A sketch of the emulated system is shown
in Fig. 2a. As a use case, the end-to-end emulation pipeline is built to mimic STREEGO satellite's
sensor and optical acquisition properties [15, 1]. Fig. 2b shows a schematic representation of the
end-to-end process. The following will refer to the satellite systetarggtand the drone system
assource The emulation pipeline takes the optical model, the system dynamics details and the
sensor properties of both the source and the target system. Given these ingredients, the emulation
process follows the forward target model along all the data acquisition pipelines. We can control
the output image quality through a set of parameters. Fixing a satellite's height and pixel size,
the most signi cant parameters to control are the focal length of the optical system, the mirror's
diameter and exposure time. The mirror diam&eaffects the satellite’'s point spread function and
collection ef ciency. The diameter of the point spread function is inversely proportioria| tnd

the collection ef ciency scales d32. A compromise must be made when choosing the exposure
time. A longer exposure time improves the signal-to-noise ratio but introduces motion blur due to
satellite motion. As a result, a point source is stretched out along the satellite trajectory. In a common
satellite, the balance between the object magni cation and the eld of view depends on the focal
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