Neural Exposure Fusion for High-Dynamic Range Object Detection

Emmanuel Onzon'
'Torc Robotics

Abstract

Computer vision in unconstrained outdoor scenarios
must tackle challenging high dynamic range (HDR) scenes
and rapidly changing illumination conditions. EXxisting
methods address this problem with multi-capture HDR sen-
sors and a hardware image signal processor (ISP) that pro-
duces a single fused image as input to a downstream neural
network. The output of the HDR sensor is a set of low dy-
namic range (LDR) exposures, and the fusion in the ISP is
performed in image space and typically optimized for hu-
man perception on a display. Preferring tonemapped con-
tent with smooth transition regions over detail (and noise)
in the resulting image, this image fusion does typically not
preserve all information from the LDR exposures that may
be essential for downstream computer vision tasks. In this
work, we depart from conventional HDR image fusion and
propose a learned task-driven fusion in the feature domain.
Instead of using a single companded image, we introduce a
novel local cross-attention fusion mechanism that exploits
semantic features from all exposures — learned in an end-
to-end fashion with supervision from downstream detection
losses. The proposed method outperforms all tested conven-
tional HDR exposure fusion and auto-exposure methods in
challenging automotive HDR scenarios.

1. Introduction

A wide range of computer vision tasks requires predictions
in outdoor scenarios at real-time rates, with applications
ranging from self-driving vehicles and advanced driver as-
sistance systems to drones and robots in farming and out-
door maintenance. The global dynamic range of luminances
in real-world scenes is 280 dB, see [34]. Inside this range,
a typical outdoor scene covers a sub-range of about 120 dB,
and such a typical scene already exceeds what conventional
CMOS image sensors can capture at around 60-70 dB. And
yet, in-the-wild computer vision systems, routinely have to
handle more challenging conditions, like facing the sun in
presence of large, shadow-casting objects (backlights) or
moving from indoor to outdoor and back (e.g., entrance and
exit of a tunnel). In such cases, the range of luminances
seen at the same time can reach 180 dB, and they exceed
the range of today’s robotic and automotive high dynamic
range (HDR) image sensors (covering around 120-140 dB).
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Moreover, existing computer vision systems must also be
able to adapt to changing illumination conditions in real-
time, for example, when the vision system, or when large
objects in the environment move quickly.

The traditional approach to tackle these challenges is
to employ an HDR image sensor coupled with a hardware
image signal processor (ISP) and an auto-exposure control
system, each of them having been designed independently.
More precisely, the HDR image sensor captures multiple
exposures that are fused and processed in image space by
an ISP. The output of the ISP is a single HDR color im-
age which is consumed by a computer vision module that
has been designed and trained independently of the other
components in the pipeline. Each individual capture in this
pipeline, acquired at a different exposure, covers a low dy-
namic range (LDR), i.e., not exceeding 70 dB per image,
while the total dynamic range covered by the set of LDR
images covers a larger dynamic range. The fusion algo-
rithm that produces the image output in image space (i.e.,
the fused image), is typically designed in isolation from the
other components of the vision pipeline. In particular, it is
not optimized for the computer vision task at hand, be that
detection, segmentation, or localization.

In this work, we depart from the conventional approach
of capturing a bracketed HDR raw capture, fusion and de-
tection. Instead of image-space HDR fusion, we propose
a feature-domain fusion approach driven by a downstream
detection task, without needing to reconstruct a single HDR
image, see Figure 3. Specifically, we propose an early fu-
sion approach that fuses feature maps from the different ex-
posures into a single feature map. We introduce a novel
attention module to help the neural network determine, at
each spatial location, the exposure that contains the most
relevant information concerning the object detection task.
To this end, we devise a local cross-attention fusion block
which attends to features locally across exposures. The
queries of this cross-attention module are learned, while the
keys and the values are the feature vectors at each location,
across the different exposures.

The intuition behind our local cross-attention module is
best conveyed by the attention maps it produces. Figure 2
shows an example of such learned attention maps paired
with the corresponding images. The maps illustrate that
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Figure 1. Modern HDR image sensors are capable of producing a
stack of LDR images taken at different exposures in a short time
frame. We take advantage of this feature in our method to per-
form fusion at a later stage in the pipeline. At the bottom of the
figure, we show challenging scenarios for conventional HDR sys-
tems: Tunnel entrance and exit, oncoming traffic or strong back-
light. Scenes with large luminance range complicate HDR fusion
in image space and result in poor detail and low contrast.

our attention module locally gives more weight to features
from semantically relevant and adequately exposed regions.
In this particular example, we see that the lowest exposure
feature map weights the area outside the tunnel higher than
inside, while the medium and high exposures emphasize the
inside regions of the tunnel. The weights are distributed
evenly across exposures for areas with task-irrelevant se-
mantic content, such as the sky, while in areas with high in-
formation content, the weights are concentrated in the best-
exposed exposure.

We train our multi-exposure vision pipeline end-to-end,
including a differentiable ISP and feature domain exposure
fusion. This training is driven by detection losses typically
used in object detection training pipelines [8, 35]. We learn
feature-based fusion for n > 1 sub-exposure captures (see
Figure 1) jointly with the ISP and the object detector, and
we demonstrate that this outperforms existing object detec-
tion approaches based on HDR fusion. We validate the pro-
posed feature-domain exposure fusion with a test set of au-
tomotive scenarios, and we compare the method against ex-
isting HDR reconstruction methods. The proposed method
outperforms the conventional exposure fusion methods by
2.7% mAP. We validate all algorithm choices with exten-
sive ablations experiments that test different feature-domain
HDR fusion strategies. Specifically, we make the following
contributions:

* We propose a novel neural feature-space fusion approach
inside the detection model, as an alternative to image
space exposure fusion for HDR object detection.
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Figure 2. Multi-exposure captures and attention maps that illus-
trate the behavior of the proposed local-cross attention mecha-
nism, see text. Only the highest weight per exposure is overlaid
to highlight which exposure is given more weight at each spatial
location.

* We design a new type of attention module, local cross-
attention fusion, to perform feature fusion and is driven
by a downstream detection task.

* We validate that the proposed method outperforms exist-
ing image space methods for automotive object detection
across all tested scenarios and over all tested methods:
+2.3% (Deep HDR) and +2.7% (Raw HDR).

2. Related Work

Next, we review related work on HDR imaging using expo-
sure fusion, object detection, and learned HDR. Most prior
works that we discuss primarily treat HDR imaging and per-
ception as independent tasks which can lead to failure in
high contrast scenes, see Fig. 1.

Exposure Fusion for High Dynamic Range Imaging
The dynamic range of real-world scenes is much greater
than what current sensors cover, and therefore a single ex-
posure is insufficient for most real-world driving scenarios
(e.g., tunnel entrances and exits). Exposure fusion is one
of several strategies for capturing the large range of illumi-
nations with multiple exposures [3, 25, 34]. Single expo-
sure capture cameras typically apply image-dependent me-
tering strategies to capture the largest dynamic range pos-
sible [6, 7, 15, 17], while multi-exposure cameras rely on
temporal multiplexing of different exposures to obtain a sin-
gle HDR image [3, 9, 11, 25, 28, 34]. Our work explores fu-
sion in the feature domain, driven by a detection loss, with-



(a) Conventional HDR Imaging and Detection

(b) Proposed Neural Exposure Fusion for Detection
Figure 3. ConventiondiDR exposure fusiois done in image space, before object detection. We propose an alternative approach to HDR
object detection, where multi-exposure captures are not merged on the sen@eluin the feature domainThe proposed pipeline
reasons on features from separate exposures and relies on an attention module to fuse them together, which is trained end-to-end along
with all the other modules of the pipeline, driven by the detection loss.

out needing to reconstruct a single HDR image. 3. HDR Image Formation

. . K , ) K In this section, we briey review conventional image
Object Detection Networks Obiject detection networks space exposure fusion. Typical HDR image pipelines pro-

can be classied into single-stage and two-stage meta- 4 ce an HDR raw image.or by fusingn LDR images

architectures based on how the inputs are chosen for objechl; -+ R, that is

classi cation and regression [14]. In single-stage models

[23, 24, 33], each cell of the feature map is considered for Inpr = ExpoFusion(Ry;:::;Rp): 1)
potential object category with different bounding box sizes The LDR imagesR;y;:::; R, are recorded sequentially

then further re ned and classi ed. During the rst stage of (or simultaneously using separate photo-sites per pixel) as
a two-stage detector, the feature map is used for detectingh different recordings of the radiant scene powggene.

The potential regions are then cropped and fed to a detectimet; and gain setting; is

tion head that does the nal bounding box regression and _

classi cation [2, 22, 35]. We deliberately demonstrate the Rj =min (" scene tj + Npre) 9 Kj + Npost; Muhire ; (2)
proposed method with the popular Faster-RCNN [35] meta- Whereg is the conversion factor of the camera from radi-
architecture with a custom lightweight 28-layer ResNet [13] @nt energy to digital number for unit-gainge andnpost
backbone split into two stages. are the pre and post-ampli cation noises, aMldynite iS
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Learning-based HDR Imaging and Perception Deep recorded.

learning for HDR has primarily investigated generating  The fused HDR image is formed as a weighted average
HDR from a single LDR [4, 5, 18, 20, 26], HDR from multi- 5 the LDR images,
exposure fusion of LDR [16, 19, 32, 40, 41], and learned

capture techniques [27, 29, 31]. A review of recent deep _ X
learning-based HDR method can be found in [39]. A few Ihor =

works propose to combine HDR imaging with perception where thew; are per-pixel weights such that pixels that are

tasks. For example, [38] proposes traf c light detection in . , .
dual-channel HDR image where the dark channel is usedfsaturated are given a zero weight. The role of the weights

for detection and bright channel for classi cation, [30] pro- IS to merge content from d|fferer!t regions of t_he dynarmc
osed HDR obiect detection by converting HDR to LDR range in a way that reduces artifacts, in particular noise.

ipmages Some Jmethods; [1I 21] ionsi\éerltvx?o differently ex A popular approach is to choose the weighgssuch that

posed HDR stereo images for depth estimation. In contrast HOR 1S the minimum variance unbiased estimator [12]

to these W(_)rks, the_ proposed fusion o_f the _|nd|V|duaI sub- 4. Neural Exposure Fusion

exposures is done in the feature domain, guided by a down-

stream loss, instead of the image domain as in conventionaln this section, we rst formalize conventional HDR

HDR fusion [34]. pipelines (see Fig. 3a) before introducing the proposed
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