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Abstract

Existing object detection methods often consider sRGB
input, which was compressed from RAW data using ISP
originally designed for visualization. However, such com-
pression might lose crucial information for detection, es-
pecially under complex light and weather conditions. We
introduce the AODRaw dataset, which offers 7,785 high-
resolution real RAW images with 135,601 annotated in-
stances spanning 62 categories, capturing a broad range
of indoor and outdoor scenes under 9 distinct light and
weather conditions. Based on AODRaw that supports RAW
and sRGB object detection, we provide a comprehensive
benchmark for evaluating current detection methods. We
find that sRGB pre-training constrains the potential of RAW
object detection due to the domain gap between sRGB and
RAW, prompting us to directly pre-train on the RAW do-
main. However, it is harder for RAW pre-training to learn
rich representations than sRGB pre-training. To assist RAW
pre-training, we distill the knowledge from an off-the-shelf
model pre-trained on the sRGB domain. As a result, we
achieve substantial improvements under diverse and ad-
verse conditions without relying on extra pre-processing
modules. The code and dataset are available at https:
//github.com/lzyhha/AODRaw .

1. Introduction

Real-world object detection is a fundamental task in com-
putation vision. Significant advancements have been made
in this field with public datasets like COCO [27] and
VOC [10]. However, these datasets have predominantly
focused on sRGB images, which lose some critical infor-
mation compared to RAW images. The sensor first captures
original RAW images with a high bit depth in a typical cam-
era. An image signal processor (ISP) then compresses these
RAW images into 8-bit sRGB images. Unlike compressed
sRGB images, RAW images retain a higher bit depth and
thus preserve more distinguishable information [20, 23],
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Figure 1. (a) Traditional sRGB-based object detection relies on
8-bit sRGB images, which are compressed from RAW images and
lose detailed information. (b) Previous RAW-based methods uti-
lize a trainable image signal processor (ISP) to adapt models pre-
trained on the sRGB domain to the RAW domain. (c) We pre-train
models on the RAW domain, achieving excellent performance on
RAW object detection without requiring ISP modules.

which is crucial for computer vision tasks, particularly in
challenging light and weather conditions. Moreover, in real-
world applications, working directly with RAW data allows
manufacturers to bypass image signal processing, leading to
faster processing speeds and reduced computational over-
head. Thus, RAW-based object detection has gained atten-
tion [40, 42–44] and shows its advantages in adverse condi-
tions. However, exploration in this field remains limited.

The scarcity of relevant datasets is the key factor limiting
the development of RAW-based object detection. However,
collecting RAW images for object detection requires much
more costs than sRGB images. For example, RAW images
cannot be collected from picture websites like the sRGB-
based dataset COCO [27]. Thus, taking pictures requires a
lot of labor [21, 22], especially in rare weather conditions.
Due to the limitations of collecting and annotating images,
many RAW object detection methods [8, 32] rely on synthe-
sizing RAW images that lack the authentic noise patterns
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and dynamic range. The real RAW datasets [19, 33, 42]
are also limited to the diversity. For example, LOD [19]
and RAOD [42] datasets are annotated with only 8 and 6
categories, respectively. Moreover, some datasets focus on
outdoor scenes of daylight and low-light while neglecting
other adverse conditions. Thus, existing methods have lim-
ited applications and cannot fully utilize the advantages of
RAW images in handling adverse conditions.

To overcome these limitations, we propose a challenging
dataset (AODRaw) for Adverse condition Object Detection
with RAW images. AODRaw collect real RAW images
from various indoor and outdoor scenes, with 2 light condi-
tions, including daylight and low-light, and 3 weather con-
ditions, including clear, rain, and fog. Because multiple
light and weather conditions may co-occur, 9 distinct con-
ditions are collected. Across different locations, cities, and
scenes, we obtain 7,785 images and 135,601 annotated in-
stances, with 6,504 images captured under adverse condi-
tions. Meanwhile, our AODRaw is annotated with 62 cate-
gories, significantly exceeding existing datasets. The diver-
sity of scenes and semantics can further facilitate the devel-
opment of RAW-based object detection in the real world.
Furthermore, we evaluate existing RAW object detection
methods [8, 42] based on the AODRaw dataset.

With AODRaw, we aim to design a single model to de-
tect objects across various conditions simultaneously, rather
than training separate models for each condition in some
previous approaches [8]. For RAW object detection, many
methods usually transfer models pre-trained in the sRGB
domain to the RAW domain using trainable adapters like
neural ISP [8]. However, the domain gap between sRGB
and RAW impedes models from understanding the intricate
information in RAW images, while adapters also cost more.
Some methods [42] train models from scratch, yet limited
data availability constrains performance.

Differently, we explore pre-training on the RAW do-
main to reduce the domain gap between pre-training and
fine-tuning, achieving notable improvements without any
adapters. However, it is more difficult for models to learn
high-quality representations from RAW images than sRGB
images due to factors such as high dynamic range and cam-
era noise. To mitigate this difficulty, we propose to distill
representations from an off-the-shelf model pre-trained on
the sRGB domain. Taking ConvNext-T [31] and Cascade
RCNN [3], sRGB-based object detection achieves 34.0%
AP on AODRaw. RAW object detection improves the per-
formance to 34.8% AP through our RAW pre-training. To
summarize, our main contributions are as follows:

• We propose AODRaw, a high-quality dataset for RAW
object detection under various light and weather condi-
tions. The dataset comprises diverse and complex images
collected from various indoor and outdoor scenes.

• The AODRaw supports research across multiple tasks, in-

cluding RAW object detection and sRGB object detection
under adverse conditions. We evaluate the performance
of existing object detection methods on these tasks.

• We pre-train models on RAW images via cross-domain
distillation, achieving significant improvements without
needing adapters such as neural ISPs.

2. Related Works
2.1. Object Detection
Mainstream object detection methods can be divided into
two categories, i.e., multi-stage and one-stage detectors.
The multi-stage detectors, e.g., R-CNN series [3, 35, 37],
first generate region proposals and then refine them in
subsequent stages. Cascade R-CNN [3] further extends
this process via multiple refinement stages, progressively
improving localization and classification accuracy. Al-
though these methods achieve high accuracy, they have the
drawback of slow inference. One-stage methods, such as
YOLO [11, 29] and RetinaNet [28], directly predict object
locations and categories, enabling faster inference but at a
trade-off in precision. In addition, transformer-based ap-
proaches [46, 47] have emerged and leverage self-attention
mechanisms to model spatial relationships in the image
while requiring longer training times. Because these meth-
ods are primarily designed for sRGB images, we further
evaluates these classic methods in the RAW domain.

2.2. RAW Object Detection
RAW object detection, which leverages unprocessed sensor
data, has gained attention due to its potential and advantage
in challenging light and weather conditions. However, the
field lacks large-scale datasets for pre-training models on
RAW images, which is essential for modern object detec-
tion methods. Thus, some methods [42] train detectors from
scratch using real-time detectors [11]. Due to disadvantages
such as camera noise and the limited quantity of RAW im-
ages, these methods may converge slowly and face limita-
tions in performance. The other methods [40, 43, 44] adapt
models pre-trained on sRGB images to the RAW domain.
Among them, some propose a differentiable image signal
processor (ISP) [8, 9, 15, 32, 34, 38] for pre-processing
RAW images. Fine-tuning models by synthesizing RAW
images from COCO [5, 26] also helps mitigate the domain
gap. However, the sRGB pre-training still limits the ability
to understand RAW images that contain more information
than sRGB images, and the ISP modules add extra costs.
Thus, we explore pre-training models on RAW images.

2.3. RAW Object Detection Datasets
Existing datasets for object detection, like COCO [27], pri-
marily collect sRGB images. Although these datasets have
driven significant progress in object detection, sRGB im-



Figure 2. Example of the images in the AODRaw. From top to bottom, we show daylight, low-light, rain, and fog conditions, respectively.
A part of the images are taken under multiple conditions. For example, the first one in the third row is taken in low-light and rain conditions.
More examples for each condition can be found in the supplementary material.

ages lack the detailed information available in RAW im-
ages, which can be particularly beneficial in adverse con-
ditions. Due to the scarcity of RAW datasets, many meth-
ods [8, 32] rely on synthetic datasets for RAW detection
research. Then, a few RAW datasets have been proposed.
For example, [45] collects images in low-light conditions,
and [1] collects driving images of high dynamic range in
fog conditions. The PASCALRAW [33] dataset is collected
similarly to the PASCAL VOC [10], providing 4,259 im-
ages in daylight. The LOD [19] captures 2,230 paired im-
ages in daylight and low-light conditions. RAOD [42] has
25,207 annotated driving images but only covers 6 cate-
gories and 2 light conditions. Specific conditions, driving-
focused scenes, or a narrow range of annotated categories
limit these datasets.

3. AODRaw Dataset

3.1. Data Collection

Diverse conditions. With Sony A7M4, we construct a chal-
lenging dataset for RAW-based object detection under ad-

verse and diverse conditions. Specifically, we consider 2
light conditions, i.e., daylight and low-light, and 3 weather
conditions, i.e., clear, rain, and fog. For different light con-
ditions, we capture both indoor and outdoor images. Be-
cause multiple conditions may co-occur, we finally collect
7,785 real RAW images and the corresponding sRGB im-
ages across 9 combined conditions, as shown in Tab. 2.
For example, the image in the third row and first column
of Fig. 2 is in rain and low-light conditions.
Data diversity. To make it as sufficient as possible for
training and evaluation when collecting RAW images re-
quires huge costs, we capture images across various loca-
tions, cities, scenes to ensure broad data diversity. Even
if a few images are taken at the same location, they are still
taken in different positions, directions, and perspectives. As
shown in Fig. 2, some images are taken in traffic scenes,
while others cover gardens, universities, libraries, streets,
and other indoor scenes.
Data annotation. We follow the annotation format of the
COCO dataset [27] to annotate bounding boxes in images
across 62 categories commonly seen in daily life.



Dataset Resolution Images Categories Instances Instances per image Conditions

OnePlus [44] 4640× 3480 141 5 1,228 8.7 1 (low-light)
PASCALRAW [33] 600× 400 4,259 3 6,550 1.5 1 (daylight)
LOD [19] 1200× 800 2,230 8 9,726 4.4 2 (daylight and low-light)
RAOD [42] 2880× 1856 25,207 6 237,379 9.4 2 (daylight and low-light)

AODRaw (Ours) 6000× 4000 7,785 62 135,601 17.4 9 (in Tab. 2)

Table 1. Comparison with existing RAW datasets.

Indoor Outdoor
TotalBrightness daylight low-light daylight low-light

Weather - - clear fog rain fog+rain clear fog rain
Images 477 1,210 804 1,110 1,252 244 1,842 325 521 7,785
Instances 4,992 10,195 18,575 23,636 24,107 5,381 37,282 4,513 6,920 135,601

Table 2. The number of images per condition.

3.2. Data Analysis
In this section, we analyze the AODRaw dataset and com-
pare it with two previous object detection datasets, i.e.,
COCO [27] of sRGB object detection and RAOD [42] of
RAW object detection. In the supplementary material, we
show the detailed analysis about each condition.
Diverse scenes. As summarized in Tab. 2, AODRaw covers
9 conditions, including 2 light conditions, 3 weather con-
ditions, and different combinations. Compared to existing
datasets for RAW object detection, which mainly focus on
outdoor scenes in daylight or low-light, as shown in Tab. 1,
AODRaw has a greater diversity, presenting a more chal-
lenging task. Moreover, the scenes in AODRaw are varied
and complex. As shown in Fig. 3a and Fig. 3b, images in
AODRaw contain varying categories and instances, with up
to 19 categories and 327 instances in an image. On aver-
age, there are 17.4 instances per image as shown in Tab. 1,
exceeding existing datasets.
Increased category diversity. AODRaw includes 62 cat-
egories, a significantly higher number than most existing
RAW object detection datasets, as shown in Tab. 1. Mean-
while, as shown in Fig. 3d, the distribution of categories
exhibits a long-tail pattern, further increasing the challenge
of RAW object detection in this dataset.
Object scales. The instances in the AODRaw vary widely
in size, as shown in Fig. 3c, with a notably larger proportion
of small objects than in previous datasets. This variance
requires the detectors to extract multi-scale representations,
increasing the complexity of the detection task.
Spatial distribution. The instances in the AODRaw dataset
are more uniformly distributed in the images, as shown in
Fig. 4. This uniform spatial distribution helps reduce spatial
bias. Additionally, there is a slight bias towards the bottom
of images, as most images are captured in outdoor scenes.
Light distribution. The distribution of lightness, calcu-

lated as the average gray value of sRGB images, is shown
in Fig. 3e and Fig. 3f. The distribution reveals a broad range
of light conditions in AODRaw.

3.3. Data Split
The dataset is randomly split for training and testing sets
with a 7:3 ratio. To ensure that each split contains sufficient
images of each condition, we split each condition individ-
ually and then merge the splitting results. As a result, we
obtained 5,445 training images and 2,340 testing images,
which contain 94,949 and 40,652 instances, respectively.

4. Benchmark

4.1. Implementation Details
Model training. We implement all object detection meth-
ods using a popular code base, mmdetection [4]. The mod-
els are trained for 48 epochs with a batch size of 16, ex-
cept for Deformable DETR [47], which is trained for 100
epochs. Please refer to the supplementary material for more
hyper-parameters. In addition, the RAW images are origi-
nally saved in the bayer pattern with the shape of 1×H×W ,
where H and W mean the height and width of images.
To be compatible with existing models, we transform the
RAW images into 3 × H × W using demosaicing follow-
ing [42]. Following [26], the RAW images are further pro-
cessed through gamma correction for faster convergence.
Image resolution. The images in the AODRaw dataset are
recorded at a resolution of 6000 × 4000. It is unrealistic to
feed such huge images into the detectors. Thus, we adopt
two experiment settings: 1) down-sampling the images into
a lower resolution of 2000 × 1333 following the approach
in [42], and 2) slicing the images into a collection of 1280×
1280 patches with a patch overlap of 300 and ignoring the
objects whose IoU with the sliced images is lower than 0.4,
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Figure 3. Statistics indicate that our AODRaw dataset contains increased category and instance diversity.
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Figure 4. The distribution of object centers.

resulting in 71,782 images and 417,781 instances. The first
setting supports faster training, but too tiny objects with an
area of less than 322 are ignored because they will disappear
after down-sampling. The second requires more time for
training, but it can fully use high-quality annotations and
support tiny object detection [7, 41]. In the following, we
adopt down-sampling by default.
Evaluation protocol. We evaluate the models using the
popular metric Average Precision (AP) [4, 27], along with
AP75 and AP50 at the IoU threshold of 0.75 and 0.50. About
APs, APm, and APl for small, medium, and large objects,
we set object area ranges as [0, 1282), [1282, 3202), and
[3202, +∞), respectively, when using the setting of down-
sampling images. When slicing images, the ranges are set
as [0, 642), [642, 1602), and [1602, +∞), respectively. To
facilitate object detection in adverse conditions, we also
report APlow, APrain, and APfog for low-light, rain, and
fog conditions, apart from APnormal for the normal condi-
tion (the combination of daylight and clear weather).

4.2. Analysis
With AODRaw, we analyze the performances of various de-
tectors for object detection with both sRGB and RAW im-
ages, as shown in Tab. 3. We evaluate some popular and

milestone works, including multi-stage detectors (Faster
RCNN [35], Sparse RCNN [37], and Cascade RCNN [3]),
one-stage detectors (RetinaNet [28] and GFocal [25]), and
transformer-based detectors (Deformable DETR [47]).
sRGB object detection in adverse conditions. Cascade
RCNN achieves superior performance among the evalu-
ated methods, with 25.6% AP and 27.3% APnormal. How-
ever, the APlow, APrain, and APfog are only 23.8%, 24.7%,
and 20.4%, showing that the adverse conditions bring
more challenges. More advanced backbones like Con-
vNeXt and Swin-T can improve performance. For example,
ConvNeXt-T outperforms ResNet by 9.7% in APnormal, but
with lower improvements on adverse conditions, i.e., 7.7%
APlow, 6.2% APrain, and 6.8% APfog. Such a gap shows
the drawback of sRGB images in adverse conditions.
RAW object detection in adverse conditions. It is in-
appropriate to adopt models pre-trained on sRGB images
when fine-tuning on RAW images. For example, RAW-
based Cascade RCNN only achieves 33.7% AP when using
sRGB pre-training, which is lower than 34.0% of the sRGB-
based method. This phenomenon is partially caused by the
domain gap between sRGB and RAW. As shown in Tab. 4,
the detector trained on one domain will be significantly de-
graded when testing on another, showing that the RAW and
sRGB domain models cannot generalize well to each other.

To overcome the domain gap, previous object detection
methods in the RAW domain usually connect a neural im-
age signal processor (ISP) with detectors, where the ISP
projects the images from RAW to the sRGB domain. In
Tab. 5, we evaluate two recently proposed methods de-
signed for RAW object detection, RAOD [42] and RAW-
Adapter [8]. Results show that neural ISP can stimulate the
potential of RAW images. For example, RAOD achieves
34.4% AP and outperforms the 34.0% AP of the sRGB-



Method Backbone Pre-TrainFine-Tune AP AP50 AP75 APs APm APl APnormal APlow APrain APfog

Faster RCNN [35] ResNet-50 [16]

sRGB sRGB

23.3 41.3 23.7 13.1 30.8 36.4 26.0 22.0 24.4 19.6
Retinanet [28] ResNet-50 [16] 19.1 33.6 19.2 10.1 26.6 29.5 21.5 17.8 19.2 16.5
GFocal [25] ResNet-50 [16] 24.2 40.3 24.7 13.3 31.9 37.0 26.5 22.3 24.1 21.1
Sparse RCNN [37] ResNet-50 [16] 15.6 28.3 15.0 7.2 22.1 28.9 17.9 15.0 14.6 12.6
Deformable DETR [47]ResNet-50 [16] 16.6 31.9 15.6 7.7 23.9 30.1 18.3 15.2 16.4 13.1
Cascade RCNN [3] ResNet-50 [16] 25.6 41.4 26.4 13.7 32.4 38.3 27.3 23.8 24.7 20.4

Faster RCNN [35] Swin-T [30]

sRGB sRGB

28.4 50.1 28.8 15.6 35.9 42.6 32.0 26.0 27.2 23.3
Faster RCNN [35] ConvNeXt-T [31] 29.7 51.7 30.1 17.1 37.3 45.4 33.1 28.3 27.1 24.4
GFocal [25] Swin-T [30] 30.1 48.9 30.6 16.3 38.0 44.4 32.7 28.1 28.2 24.5
GFocal [25] ConvNeXt-T [31] 32.1 49.9 33.6 18.7 39.9 49.5 35.2 30.3 31.8 26.0
Cascade RCNN [3] Swin-T [30] 32.0 50.2 34.0 17.5 40.1 46.3 35.4 30.0 28.2 25.0
Cascade RCNN [3] ConvNeXt-T [31] 34.0 52.7 36.3 19.3 40.8 52.1 37.0 31.5 32.9 27.2

Faster RCNN [35] Swin-T [30]

sRGB RAW

28.1 50.0 28.2 16.0 35.7 42.6 30.7 26.5 26.2 22.0
Faster RCNN [35] ConvNeXt-T [31] 29.4 51.3 29.6 16.3 37.6 44.4 32.7 27.3 29.2 24.6
GFocal [25] Swin-T [30] 29.9 48.2 30.6 16.3 38.3 45.0 33.1 27.6 29.0 23.8
GFocal [25] ConvNeXt-T [31] 31.5 50.0 32.9 17.9 39.5 48.4 34.9 29.4 32.2 26.7
Cascade RCNN [3] Swin-T [30] 31.7 49.8 32.8 17.7 39.7 47.8 35.3 29.8 28.6 23.9
Cascade RCNN [3] ConvNeXt-T [31] 33.7 52.0 35.9 18.6 41.7 51.3 36.8 31.3 31.3 27.2

Faster RCNN [35] Swin-T [30]

RAW RAW

28.6 50.2 28.5 15.6 36.9 43.1 32.1 26.7 27.6 23.2
Faster RCNN [35] ConvNeXt-T [31] 30.2 52.3 31.0 17.0 39.1 46.9 33.8 27.7 30.2 26.6
GFocal [25] Swin-T [30] 30.7 49.7 31.8 17.2 39.4 47.4 33.7 28.6 28.5 25.3
GFocal [25] ConvNeXt-T [31] 32.1 50.4 33.4 17.7 40.6 49.6 35.8 29.9 32.8 27.1
Cascade RCNN [3] Swin-T [30] 32.2 50.5 33.8 17.9 40.5 49.7 35.5 30.0 29.5 25.1
Cascade RCNN [3] ConvNeXt-T [31] 34.8 53.3 36.7 20.6 42.8 52.5 37.7 32.1 36.1 28.4

Table 3. Evaluation of object detection using RGB images, with different pre-training and fine-tuning settings.

Training Evaluation AP AP50 AP75

sRGB sRGB 34.0 52.7 36.3
RAW 28.0 43.2 29.6

RAW sRGB 21.2 33.1 22.5
RAW 34.8 53.3 36.7

Table 4. The domain gap between sRGB and RAW.

based method. In particular, RAOD achieves greater im-
provements in adverse conditions than the normal condi-
tion (0.9% APlow, 4.8% APrain, and 2.2% APfog vs 0.3%
APnormal). However, the neural ISP incurs extra compu-
tational costs and cannot fill the gap between RAW and
sRGB domains, preventing the knowledge learned by the
pre-trained model from being fully utilized.

5. RAW Pre-training

5.1. Method

Based on the above analysis, we aim to overcome the gap
between sRGB pre-training and RAW fine-tuning by di-
rectly pre-training the models on RAW images, enabling
us to achieve superior performances without requiring pre-
processing modules like neural ISP.

Synthetic ImageNet-RAW. Visual pre-training [14, 16, 17]
has made huge progress with the help of large-scale datasets
like ImageNet-1K [36] that has over one million images.
However, it is unrealistic to collect real RAW datasets of
comparable size to large-scale sRGB datasets. Thus, we
synthesize a 16-bit RAW dataset from the ImageNet-1K for
RAW pre-training, using the unprocessing method [2]. We
refer to the generated dataset as ImageNet-RAW. The un-
processed operation is inserted into the pipeline of data aug-
mentations. Thus, we randomly adjust the average bright-
ness and simulated noise in each iteration so that models
can generalize well across different conditions.

RAW pre-training with cross-domain distillation. By re-
placing the sRGB input with synthetic RAW images, we can
pre-train models using the classification targets provided
by the original ImageNet-1K dataset and keep the hyper-
parameters consistent with sRGB pre-training. However,
pre-training in the RAW domain presents additional chal-
lenges compared to the sRGB domain due to factors such
as the noise and high dynamic range (HDR) inherent in
RAW images. Following prior works [5] that reveal that
HDR has a negative impact on training, we also find that ap-
plying gamma correction during pre-training improves the
Top-1 accuracy on ImageNet-RAW. As a result, we apply



Method Backbone Neural ISP AP AP50 AP75 APs APm APl APnormal APlow APrain APfog

Baseline ConvNeXt-T [31] ✗ 33.4 51.8 35.3 19.4 41.1 50.7 36.8 31.0 30.2 27.0
ResNet-18 [16] ✗ 18.1 30.9 18.3 8.2 24.8 33.3 20.6 16.7 17.3 14.6

Gamma correction [13] ConvNeXt-T [31] ✗ 33.7 52.0 35.9 18.6 41.7 51.3 36.8 31.3 31.3 27.2
RAOD [42] ConvNeXt-T [31] ✓ 34.4 52.9 35.9 19.5 42.9 52.2 37.1 31.9 35.0 29.2
RAW-Adapter [8] ResNet-18 [16] ✓ 19.9 33.2 20.1 9.8 27.3 34.4 22.3 18.1 20.8 16.9

Ours ConvNeXt-T [31] ✗ 34.8 53.3 36.7 20.6 42.8 52.5 37.7 32.1 36.1 28.4
ResNet-18 [16] ✗ 22.3 36.6 23.5 11.3 29.3 36.3 25.4 20.1 22.4 18.6

Table 5. Comparison with methods that adapt models pre-trained on sRGB domain to RAW images.
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Distillation AP AP50 AP75

✗ 34.1 52.4 35.9
Logit 34.3 52.4 36.6
Logit + Feature 34.8 53.3 36.7

Table 6. Ablation for the knowledge distillation when using Cas-
cade RCNN and ConvNeXt-T.

gamma correction by default during pre-training. Regard-
ing for the noise, when no noise is added during the synthe-
sis of ImageNet-RAW, the model achieves a Top-1 accuracy
of 74.8% after pre-training for 50 epochs. However, when
noise is introduced, the accuracy drops to 74.4%, indicating
that noise negatively impacts model performance. To alle-
viate this problem, we propose using the knowledge distil-
lation [12, 18, 39]. As cross-domain distillation, we take
an off-the-shelf model pre-trained on the sRGB domain as
the teacher to assist the pre-training on the RAW domain.
The student shares the same architecture as the teacher for
a fair comparison. Specifically, a logit distillation with the
Kullback-Leibler divergence loss and a feature distillation
with the L1 loss are combined.
Enhanced robustness to adverse conditions. RAW pre-
training and cross-domain distillation enhance the robust-
ness to different conditions. For one sRGB image, when
converted to RAW at different epochs of pre-training, its
brightness is randomly adjusted, and random noise is added.
While distillation provides consistent targets regardless of
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Figure 6. Top-1 accuracy on ImageNet-RAW when adding differ-
ent noise levels to synthesized RAW images. Here, the noise level
represents the standard deviation of the shot noises.

synthesized noise and brightness, the models are prompted
to learn representations invariant to those conditions.

Fig. 5 and Fig. 6 verify the effects on robustness. By syn-
thesizing the ImageNet-RAW validation set under different
brightness and noise levels and evaluating the pre-trained
models, we can observe that models pre-trained using distil-
lation exhibit greater robustness to adverse conditions. For
example, when reducing the brightness from 791 to 80, the
performance degradation is 4.6% Top-1 accuracy when dis-
tillation, lower than 5.0% without distillation. Similarly,
when increasing the noise level from 1 to 10, distillation
exhibits a lower performance gap, i.e., 4.2% vs 4.5%. In ad-
dition, we show that sRGB pre-training has a significantly
higher performance degradation of 14.0% and 13.1% when
adjusting the brightness and noise, respectively, showing
that RAW pre-training effectively enhances the robustness.

Tab. 6 further shows the advantages of distillation on
real-world RAW object detection. Logit-based distillation
improves the AP by 0.2%, and feature-based distillation fur-
ther extends the improvement by 0.5%.

5.2. Experiments Results.
Through RAW pre-training and distillation, ConvNeXt-T
achieves 81.8% Top-1 accuracy on synthetic ImageNet-
RAW. Although pre-training accuracy is still lower than
sRGB pre-training (82.1%), the performance on real RAW
object detection has significantly improved across various
architectures, as shown in Tab. 3. For instance, RAW



Method Backbone Pre-Train Fine-Tune AP AP50 AP75 APs APm APl APnormal APlow APrain APfog

Cascade RCNN Swin-T sRGB sRGB 28.1 44.6 29.0 11.1 20.1 33.9 30.5 26.4 32.3 23.2
Cascade RCNN ConvNeXt-T 29.9 46.5 31.0 12.7 24.0 35.5 33.1 28.0 33.0 27.8

Cascade RCNN Swin-T sRGB RAW 29.2 46.2 30.2 10.9 19.8 35.1 31.0 27.8 32.3 24.6
Cascade RCNN ConvNeXt-T 29.7 46.9 30.6 11.5 22.2 35.4 32.3 27.8 33.1 27.0

Cascade RCNN Swin-T RAW RAW 29.8 47.0 30.9 11.4 21.7 35.4 31.4 28.1 32.9 27.3
Cascade RCNN ConvNeXt-T 30.7 48.0 32.4 11.7 23.9 36.8 33.6 28.9 34.1 29.3

Table 7. Results of all-weather object detection using sliced RGB images.

Method Params (M) FPS Epochs AP AP50 AP75 APs APm APl APnormal APlow APrain APfog

YOLOX-Tiny [11] 5.1 222.6 300 16.4 32.1 14.9 6.8 23.2 29.4 18.0 15.2 15.1 12.3
YOLOv6-n [24] 4.3 170.7 400 18.0 30.0 18.0 7.6 24.4 32.8 19.3 16.0 16.5 14.0
YOLOv8-n [24] 3.0 188.1 500 18.9 32.0 18.8 8.9 26.5 33.2 21.4 16.3 16.8 15.4
YOLOv8-n [24]† 3.1 57.6 500 19.7 32.8 19.9 9.4 27.0 32.9 21.8 16.9 18.9 14.9
YOLO-MS-XS [6] 4.5 113.0 300 24.7 40.0 25.1 12.1 33.4 41.4 28.2 22.4 21.2 19.7

Table 8. Evaluation of real-time object detection using down-sampled images. The models are trained and evaluated with an input size of
1280× 1280. † means using the trainable pre-processing module proposed by [42]. Meanwhile, we measure the frames per second (FPS)
of all models using an NVIDIA 3090 GPU.

pre-training improves Cascade RCNN and ConvNeXt-T by
1.1% AP than sRGB pre-training. In particular, the mod-
els achieve more significant improvements in adverse con-
ditions, i.e., 0.8% APlow, 4.8% APrain, and 1.2% APfog vs
0.9% APnormal. Compared to sRGB-based object detection,
we improve by 0.8% AP. These results demonstrate the ad-
vantages of our RAW pre-training.

6. Experiments on Sliced AODRaw
The experiments in Section 4 and Section 5 use the down-
sampling setting. Tab. 7 further lists the results of the slic-
ing setting, where the hyper-parameters follow the down-
sampling experiments, except that we fine-tune models for
12 epochs. The experiments with ConvNeXt show the same
trends as those in Tab. 3. Adapting models pre-trained on
the sRGB domain to RAW object detection degrades the AP
by 0.2% compared to sRGB object detection, and RAW pre-
training improves the performance by 0.8%. Differently,
with the Swin transformer, RAW object detection outper-
forms sRGB object detection even when using sRGB pre-
training. It may be because the sliced images contain more
visual information, allowing the model to converge well
compared to down-sampled images. Meanwhile, RAW pre-
training further improves performance by 0.6% AP, espe-
cially in adverse conditions. Overall, these results further
illustrate the effectiveness of RAW pre-training.

7. Experiments on Real-Time Object Detection
We also evaluate real-time object detection of YOLO-
Series. As shown in Tab. 8, YOLO-MS-XS [6] and YOLO-
v8-n [24] achieve 24.7% and 18.9% AP with a high FPS and
parameters less than 5M. However, adverse conditions have
lower performance, such as 16.3% APlow, 16.8% APrain,

and 15.4% APlow of YOLO-v8-n. Some methods have
tried to boost the performance via a trainable ISP. Here, we
take the recently proposed method [42] as an example for
analysis. In Tab. 8, integrating [42] with YOLO-v8-n im-
proves the performance to 16.9% APlow and 18.9% APrain.
However, the FPS is significantly reduced, destroying the
real-time property of the detector. In summary, the pro-
posed AODRaw provides a new foundation to push real-
time RAW object detection development.

8. Conclusion
This paper introduces AODRaw, a challenging dataset for
RAW-based object detection across diverse and adverse
conditions. Compared to traditional sRGB datasets, AO-
DRaw offers diverse RAW images that retain essential vi-
sual information for object detection in complex light and
weather conditions. Based on AODRaw, we evaluate exist-
ing methods of RAW object detection. Meanwhile, we uti-
lize a cross-domain knowledge distillation to directly pre-
train models on the RAW domain, solving the domain gap
between sRGB pre-training and RAW fine-tuning. In this
way, we improve the performance, particularly in adverse
conditions, without relying on extra pre-processing mod-
ules. Our dataset is a benchmark for evaluating detection
methods and a foundation for developing detection methods
that generalize well across varied conditions. Our insights
highlight the potential of RAW pre-training to advance real-
world object detection and encourage further research on
exploiting RAW images for challenging environments.
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