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Abstract

Contrary to the popular object detection models that are
trained on full RGB (Red, Green, Blue) image datasets de-
rived from sensors with RGGB (Red, Green, Green, Blue)
color filter array (CFA) pattern, automotive machine vi-
sion systems employ a variety of CFA patterns. Automo-
tive manufacturers deploy various camera modules across
their vehicle models and model years, making the forward
compatibility a high priority. We propose a “cross-camera
module training” of raw sensor data-based (RSDB) ob-
ject detection, reducing the annotation costs via knowledge
distillation to leverage a neural network pre-trained on a
real-world sensor (e.g. RGGB) to guide the unsupervised
learning for other sensors (e.g. RCCB or Red, Clear, Clear,
Blue). We detail the incompatibility of knowledge distilla-
tion and the raw sensor data because of the artifacts caused
by CFA-sampled image registration. Based on rigorous sig-
nal sampling theory proving that the influence of CFA van-
ishes in feature space, we propose a novel feature registra-
tion as a work-around. Evaluated on a new cross-camera
module automotive image dataset, the precision at the 90%
recall rate of the resultant forward compatible RSDB object
detection was higher than the RGB-based model.

1. Introduction

Cameras play a critical role in modern driver assistive sys-
tems by enhancing road safety through detection of objects
like lane markers, pedestrians, vehicles, cyclists, and other
obstacles. Accurate object detection is key to driver as-
sistive technology requiring situational awareness to react
appropriately to adverse traffic situations. Significant ad-
vancements have been made in the recent years based on
neural networks leveraging RGB (Red, Green, Blue) image
datasets that are readily available [26, 27].

Unique but a major pragmatic challenge to automotive
machine vision is the forward compatibility of camera mod-
ules. Automotive manufacturers deploy different (and mul-
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tiple) camera modules across the vehicle models and model
years that the driver assistive systems support robustly. The
characteristics of image sensors vary significantly between
the camera brand and models, including the color filter ar-
ray (CFA) patterns [48] (see Figure 1), the filter spectral
transmittance[45]; pixel pitch, density, and resolution; the
characteristics of short-wave filter to block out near infrared
light[17], to name a few. Differences in camera module
hardware are also at play, including the focal lengths and
the modulation transfer curves of the lens, lossy data com-
pression (if any), etc. Unsurprisingly, a machine vision al-
gorithm trained for one camera module does not perform as
well on another module (see ablation study in Section 5.3).
The most obvious approach to device compatibility is to
train a neural network on every combination of sensors and
camera modules, but it comes at a substantial annotation
cost. Machine vision systems gain some degree of device-
invariance through Image Signal Processing (ISP) convert-
ing raw sensor data to RGB images—at least to an extent.
This work addresses the forward compatibility is-
sues in unsupervised training of Raw Sensor Data-Based
(RSDB) object detection mode for a novel camera mod-
ule. Our cross-camera module training for RSDB automo-
tive machine vision system aims to replicate the behavior
of a pre-trained high performance neural network to a novel
target camera module by leveraging a powerful technique
called knowledge distillation. The “student network” learns
to extract features from target camera module matching the
features of “teacher network” trained on a reference camera
module, with sensor image pairs without annotation [8, 11].
The knowledge distillation itself is not new. However,
it has never been successfully implemented in cross-
camera module training of RSDB machine vision be-
cause even the simplest tasks such as image registration are
surprisingly challenging in the presence of CFA. Raw sen-
sor data registration between reference and target camera
modules results in severe artifacts caused by unwanted mix-
ture of neighboring color filtered pixels. Since knowledge
distillation cannot be carried out without registration, it has
not yet been possible for RSDB object detection models to
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Figure 1. (a-d) Color filter array patterns found in automotive machine vision systems. (e) RGGB SONY IMX390 with fish-eye lenses on
D3 camera module. (f) RCCB SONY IMX390 with fish-eye lenses on Leopard camera module. (g) Multi-camera data collection setup.
The red dashed lines in RCCB and RGGB images represent the common field of view.

leverage pre-trained teacher network.

Our main contribution is an innovative “work around”
enabling cross-module training of RSDB machine vision
to make RSDB object detection generalizable across cam-
era modules (e.g. RGGB, RCCB) for automotive machine
vision. We propose feature registration as an alternative
to image registration, making knowledge distillation com-
patible with RSDB object detection. This proposed tech-
nique is based on rigorous signal sampling theory govern-
ing the interactions between neural network layer structures
and the CFA subsampled sensor data. We present mathe-
matical as well as empirical proofs that the spatial modula-
tion caused by CFA vanishes after the pooling layer, which
justifies the feature domain-based registration.

Our proposed technique is tested on a new cross-camera
module dataset called CrossCamera24Automotive. !

The dataset is comprised of raw sensor data captured by
two automotive camera modules with RGGB and RCCB
color filter arrays and unmatched fish-eye lenses, as shown
in Figure 1. The characteristics of these sensors and lenses
are very different in nature, testing the limits of the empiri-
cal knowledge distillation in cross-camera module learning.

The contributions of this paper are as follows:

* An enabling novel feature registration technique based
on rigorous signal sampling theory to allow knowledge
distillation to train a RSDB object detection method
across multiple camera modules in unsupervised manner.

» Real-world feasibility of popular object detection mod-
els trained by the proposed knowledge distillation tech-
nique, demonstrating forward compatible RSDB mod-
els outperforming post-ISP color image-based models.

* A new CrossCamera24Automotive dataset comprised
of pairs of raw sensor data from Sony IMX390 camera
modules with unmatched CFA patterns and optics.

Collectively, they enable forward compatible RSDB auto-

motive machine vision via cross-camera module training.

'Our  cross-camera  module  dataset is  available  at:
www.kaggle.com/datasets/setarehkian/udayton24automotive-datasets.

2. CrossCamera24Automotive Datasets

Datasets for automotive applications require human annota-
tors to label objects such as traffic lights, cars, and pedestri-
ans/people. Many are available today [14, 42, 43], as well
as datasets of infrared images [9], sensor fusion (e.g. im-
age/RADAR/LiIDAR) [3, 33, 37, 50], athermalized lens
[39], and event-based sensor [10, 53]. However, no exist-
ing dataset (including popular automotive ones [3, 13, 43])
provide multiple raw sensor data formats. Our CrossCam-
era24Automotive is a unique annotated raw sensor dataset
for multiple automotive cross-camera module training and
benchmarking of object detection algorithms. It contains
edge cases such as low light and various weather condition.

2.1. Camera Hardware And Configuration

With 3.0um x 3.0pm pixel pitch, 0.1lux sensitivity, and
120dB dynamic range, Sony IMX390 is an image sensor
well-optimized for automotive applications. Despite the
compromises in the frame rate (60fps) and relatively low
pixel resolution (1920 x 1080), the automotive image sen-
sors such as IMX390 are better equipped to handle a variety
of real-world driving scenarios than the consumer-oriented
sensors with high resolution/high framerate sensors.

We used two variations of Sony IMX390 sensors. First is
an RGGB sensor in Figure 1(a) with a CFA pattern known
as Bayer pattern. RGGB cameras reproduces colors accu-
rately, thanks to the spectral transmittance of color filters
aligned with human color vision. Second is an RCCB sen-
sor in Figure 1(b), which replaces the green filter with a
clear (or no-filter) pixel. Clear pixels maximize the light ef-
ficiency (by not filtering out photons) at the sacrifice of the
color fidelity, making it a machine vision-oriented sensor.

Typical automotive cameras modules employ wide-angle
and fish-eye lenses to increase context awareness. Due to
the limited access to the camera modules, the lenses found
on the RGGB camera module and the RCCB camera mod-
ule were not identical. The field of view of the RGGB and
RCCB camera modules were 174 and 169 degrees, respec-



























