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Abstract

We introduce Dr. RAW, a unified and tuning-efficient framework for high-level
computer vision tasks directly operating on camera RAW data. Unlike previous
approaches that optimize image signal processing (ISP) pipelines and fully fine-
tune networks for each task, Dr. RAW achieves state-of-the-art performance with
minimal parameter updates and frozen backbone weights. At the input stage, we
apply lightweight pre-processing steps, including sensor and illumination mapping,
along with re-mosaicing, to mitigate data inconsistencies stemming from sensor
variations and lighting conditions. At the network level, we introduce task-specific
adaptation through two modules: Sensor Prior Prompts (SPP) and task-specific
Low-Rank Adaptation (LoRA). SPP injects sensor-aware conditioning into the
network via learnable prompts derived from RAW pixel distribution priors, while
LoRA enables efficient task-specific tuning by updating only low-rank matrices in
key backbone layers. Despite minimal tuning, Dr. RAW delivers superior results
across four RAW-based tasks (object detection, semantic segmentation, instance
segmentation, and pose estimation) on nine datasets encompassing various light
conditions. By harnessing the intrinsic physical cues of RAW alongside parameter-
efficient techniques, Dr. RAW advances RAW-based vision systems, achieving both
high accuracy and computational economy. The source code is available here.

1 Introduction

Photos recorded in RAW format are increasingly adopted in computer vision tasks due to their
captured minimally processed sensor responses [40; 25]. Meanwhile, compared with commonly
used sRGB (Fig. 2(a)), RAW data maintains higher bit depth and preserves the intrinsic physical
information. These advantages, combined with their linear relationship to scene radiance, allow RAW
to outperform sRGB images in various downstream visual tasks under real-world complex lighting
conditions, including object detection [37; 20; 54; 58], semantic and instance segmentation [15; 12],
tracking [49], pose estimation [30] and so on.

To leverage camera RAW images for high-level visual perception, early works often skipped
over the image signal processor (ISP) stage, directly using RAW as input for downstream visual
tasks [36; 64; 8], which failed to consider the gap between camera RAW images and sSRGB pre-trained
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weights. Since then, various approaches have been proposed to better improve task-speci ¢ perfor-
mance (Fig. 2(b)), including dynamic ISP parameter tunifyy $7; 50], additional RAW-to-sRGB
encoder networkslfg; 54], knowledge distillation 33], and visual adapter tunind.p]. However,

existing methods mostly focus on optimizing full I8Pmodel weights for a single downstream task,
ignoring ef cient tuning and generalizable intrinsic across diverse real-world scenarios and tasks.
Consequently, this gap leads to two key challenges: data inconsistency and tuning inef ciency.

Regarding data inconsistency, datasets for dif-
ferent tasks are typically acquired using distinct
camera sensors, while camera manufacturers
adopt sensors with varying color response char-
acteristics 40; 1; 38]. At the same time, light-
ing characteristics and environmental conditions
during photography can also cause variations in
scene illuminationZ0; 42]. Formally, the cap-
tured camera RAW data can be represented as
the following equation [5]:

Z
RAW = X)) R(x;) LO)d; (1)

where! denotes the visible light spectrum

(380 720 nm), the illuminant spectral power _ . .
distribution,L the sensor-dependent spectral rEigure 1: Radar chart demonstrating the superior
sponse, an® the scene response. In practicéVerall performance of our proposed Dr. RAW.
even for the same scene, the captured RAW

would vary due to differences in andL. For perception, the inconsistency in data can make
the downstream task challenging/[ 34], and current RAW-based perception models may further
exacerbate inconsistency due to their task-oriented neural ISPs [15; 50].

Meanwhile, tuning inef ciency arises due to current RAW-based perception models normally fully-
tuned for a speci c task with a single dataset (e.g., object detectign?]). Both the ISP and
backbone parameters are optimized to maximize task-speci c performance (Fig. 2(b)). When
switching tasks or datasets, training both the ISP and downstream network parameters is typically
required. Otherwise, the cross-task performance tends to cause catastrophic degradation in existing
RAW-based high-level frameworks (Fig. 2(d)). This critical observation underscores the necessity for
developing tuning-ef cient RAW processing systems that eliminate the requirement for extensive
network parameter adjustments.

In this work, we propose Dr. RAW, a training-ef cient uni ed solution that addresses the above chal-
lenges. Unlike previous methods that require optimizing a large number of ISP modules and training
full backbone networks, Dr.RAW applies only two lightweight and task-relevant preprocessing steps,
sensor & illumination mapping and re-mosaicing, while omitting other heavy ISP operations. At
the network level, we maximize the utilization of SRGB-pretrained knowledge while substantially
reducing trainable parameters, achieved by introducing additioB# of the backbone's parameters

and freezing the majority of network weights during adaptation. (Fig. 2(d)).

Our contributions could be summarized as follows:

* We propose Dr. RAW, a new framework for RAW-based vision that achieves strong per-
formance across tasks without end-to-end ne-tuning, instead leveraging a frozen RAW-
pretrained backbone and lightweight, modular adaptation.

» Pre-processing blocks and task-speci ¢ adapters enable Dr. RAW to perform optimally with
high exibility, while effectively mitigating the biases inherent in camera RAW data.

* We demonstrate the effectiveness of Dr. RAW across 4 representative RAW-based high-level
vision tasks under a total of 9 diverse conditions (see Fig. 1). Including object detexfjon [
20], semantic segmentatiof], instance segmentatio?] and pose estimatior8p]. Our
method not only outperforms previous SOTA approaches in accuracy but also achieves
superior training ef ciency.



Figure 2: (a). Diagram of SRGB-based visual system. (b). Diagram of the current RAW-based visual
system. (c). Our proposed pipeline freezes the backbone parameters and tunes only a few adapter
parameters for different tasks. (d). Parameters distribution and té@nfneeze backbone detection
performance [20] compare with previous state-of-the-art (SOTA) solution RAW-Adapter [15].

2 Related Works

2.1 RAW-based Computer Vision Tasks

In recent years, the advantages of camera RAW data have been extensively exploited for various low-
level vision tasks such as image denoisifiggl], super-resolution6; 62; 29], demoiréing f0; 55],

low-light imaging P; 24], and re ection removal 27]. The rich details in camera RAW images,
along with their structured noise distribution, have signi cantly advanced low-level vision and
improved ne-detail reconstruction. Beyond the achievements in image quality improvement, recent
advancements have also demonstrated that camera RAW data continues to play an increasingly
important role in various high-level machine vision applications.

For RAW-based high-level vision tasks, mainstream approaches either optimize ISP structures
and parameters for speci c downstream task® b7; 45; 50; 39] or re ne selected intermediate

ISP processes; 15; 36; 6; 52] (e.g., color correction matrices, look-up tables). For example,
Recon gISP B9 introduces an ISP module pool, then adopts neural architecture search (NAS)
to select optimal ISP parameters. AdaptivelSH further enhances this approach by using deep
reinforcement learning to adaptively select key ISP parameters. Meanwhile, RAW-AdHgjter [
leverages attention mechanisms to optimize parameters and enhance model-level connectivity.

Departing jointly tuning an explicit ISP, research like Dirty-Pixel§][replaces the ISP with a stack

of residual UNets encoded]]. Chen et al. 2] removes the ISP part and additionally adds denoising
blocks on the feature map to assist RAW-based instance segmentation. While LB&} dlsfills an

inverse ISP pipeline into a new model to improve downstream perception. Despite advancements in
RAW-based high-level vision models, existing methods are often fully tuned and over t for a speci ¢
downstream task, lacking the consideration of parameter-ef cient task transfer for different tasks.

2.2 Parameter-Ef cient Fine-Tuning

Parameter-ef cient ne-tuning (PEFT) focuses on freezing pre-trained models and either ne-tuning
only a subset of network paramete?d;31; 28] or adding extra parameters for trainint)f 23; 22;

26; 46]. Visual prompt tuning (VPT)23] extends the concept of prompt tuning from natural language
processing to computer vision, enabling ef cient adaptation of pre-trained models without modifying
their core architecture. Instead of altering the parameters in the model, learnable prompts guide the
model to adapt to new tasks while preserving its pre-trained knowledge. VEB]jlsnfroduces task-

speci ¢ modi cations at the input or feature level, low-rank adaptation (LoRZJ] [njects trainable
low-rank decomposition matrices into pre-trained weights, optimizing internal weight updates in a
low-rank manner. Inspired by these works, we extend such techniques to RAW-based applications.



Figure 3: Overview of Dr. RAW. (a). The input RAW is processed by pre-processing blocks and
passed to a downstream module with task-speci ¢ adapters. (b) Re-mosaicing block in the pre-
processing stage. (c) Task-speci ¢ adapter design. (d) Parameter distribution across Dr. RAW.

3 Method

The overall pipeline of our method is illustrated in Fig. 3 (a). Dr. RAW incorporates pre-processing
blocks that map RAW data from various conditions and handle data inconsistency. The mapped RAW
data is then processed by a versatile backbone augmented with sensor-prior prompts and ne-tuned
using LoRA R2] to effectively adapt to downstream tasks. In Sec. 3.1, we detail the design of the
pre-processing blocks. In Sec. 3.2, we describe the sensor prior ne-tuning process.

3.1 Pre-processing Blocks

Real-world camera imaging systems are subject to continuous variability in both sensor differences
and illumination conditions (Eq. 1), which introduces signi cant changes in pixel distribution, thereby
further complicating model optimization across different datasets and tadkd$ven data collected

by the same camera exhibit considerable variations, as shown by the blue dots in Fig. 4.

To alleviate these variances, we incorporate sen-
soré& illumination mapping blocks followed by

a lightweight re-mosaicing block to process in-
put RAW data. Motivated by the white balance
design in P], which rst estimates a 3 3 matrix

M to eliminate sensor differences and then a
1 3 matrixL for illumination estimation, we
adopt a similar two-stage approach. As illus-
trated in Fig.3 (a) left, we rst extract the RGB-
uv histogram 18] from the input demosaiced
RAW data to get its pixel distribution. The his-
togram is then fed into a sensor mapping block
to estimate the matrikl 33 , which is then mul-

tiplied with RAW data. The transformed 'mag%igure 4: PCA projection of RGB-uv histogram of

is subsequently passed through an illuminati AW images [20] and mapped images .

mapping block to estimate the illumination m
trix L1 3 . Both sensor mapping and illumination mapping blocks are composed of three simple
convolution blocks.



After that, a re-mosaicing block (Fig.3(p) is further added to alleviate sensor- and scene-dependent
artifacts, which is also motivated by ndings that reveal unequal contributions of the color channels
in camera RAW dataj2]. As shown in Fig. 3(b), we design the re-mosaicing blétlas a U-shaped
network (details see App. A). We adopt a gating operation, a lightweight nonlinear interaction
mechanism that replaces conventional activations. Speci cally, the feature map is evenly split along
the channel dimension into two halves, and an element-wise product is computed between them.
Here, max-pooling is used for down-sampling, while pixel-shuf&][is employed for up-sampling

at each stage of the U-shaped architecture in a learnable way. The generation of mapped image | is
shown as follows:

I=R(RAW M 33 L 13) (2)

We show the PCA projection of histograms in input RAW images and mapped irhagdsg. 4, it
shows that the pre-processing blocks help to reduce the spread of the data distribution during training.

3.2 Sensor Prior Ef cient Tuning

For the downstream module, current RAW-based visual syst&énd$; 50] typically require full

tuning to avoid performance degradation (see Fig. 2(d)). However, this heavy reliance on updating
backbone parameters presents a bottleneck for training ef ciency (see Fig. 3(d), backbone accounts
for over 7®% of the total parameters). To this end, we introduce two simple and effective components
that inject task-related knowledge into the backbone in an ef cient way.

Taking into account the sensor difference and illumination condition, we propose a sensor prior prompt
(SPP) tuning. Speci cally, we adopt a set of learnable prorfptsfp x 2 R4k 2 N;1 k Kg

to convey the knowledge gained from the pre-processing block to the backbone of the downstream
module.P is generated by projecting the concatenation of the sensor mapping Matsixd the
illumination mapping matrix L into a few d-dimensional embeddings:

P=FFN(M 33;L13]) 3)

During training, we only ne-tune th® while keeping the weights in the backbone frozen. Depending
on the backbone architecture, we integrate SPP in different ways, which is discussed in App. B.3.

After enabling SPP, the core operation in the transformer, self-attention (SA) (see Eg. 10 in Appendix)
in each layer becomes:

oT
Attn 4Q% K % V9 = softmax(%ng—)V 0 4)

, whereE is the image patch embeddings, &%= [P; E]W ;K °=[P;EJW ; V0= [P;E]W .
Eq. 4 can therefore be decoupled as:

1 PWo(PWk)T PWo(EWk)T PW
0O ¢ O. - Q K Q K \
Attn (Q%K % V9 softmax(p—a EWG(PWK)T  EWg (EW )T ) EWy, (5)
The off-diagonal terms in the attention matrix (iBWq(EWk )T andEWq (PWk )T) mean that
the SPPs interact with the original image path embeddings in the attention computation, and the
top-left termPWq (PWk )T provides sensor-speci ¢ in uence on the attention. On the other hand,
the term PW, represents the in uence imposed on the original image patch embeddings by SPPs.

In addition to SPP, we further apply LoRA&7] to selected layers of the backbone to enhance task
adaptability while preserving ef ciency. As illustrated in Fig. 3(c), LORA injects trainable rank-
decomposed matrica¥* ; WE into the attention without modifying the original weights, enabling
us to achieve effective ne-tuning with minimal parameter overhead.

WP=Wp+W=W ,+WEWp; ;h2iQ:K;Vg (6)

To stabilize the tuningW# is initialized with a Gaussian distribution, akd® is initialized with all

zeros. By jointly optimizing LORA and SPP, we retain the bene ts of a strong pretrained backbone
while introducing task-speci ¢ adaptability in a lightweight manner. This hybrid strategy signi cantly
reduces the number of trainable parameters (see Fig. 3(d)) and facilitates fast adaptation to diverse
downstream tasks with limited computation. Please nd App. B.4 for more details.



4 Experiments

4.1 Experimental Setup

Datasets. We conducted experiments on semantic segmentation, object detection, instance seg-
mentation, and pose estimation, utilizing a combination of various synthetic and real-world RAW
image datasets. For object detection, we adopted 2 real-world datasets, PASCAL3RAW] [and

LOD [20]. For semantic segmentation, we utilized ADE20K RAYH[[ For instance segmentation,

we utilized LIS [L2]. As for pose estimation, we used ExLPo8€][ We only used the low-light

images of LIS and ExLPose, consistent with other tasks. Refer to App. C for more details.

Implementation Details. Dr. RAW is built on the open-source computer vision toolboxes: mmdetec-
tion [11], mmsegmentationl3], and mmposel4]. We conducted comparative experiments with

the current SOTA methods. All comparison methods adopt the same data augmentation, mainly
including random crop, random ip, multi-scale test, etc. We use mean Intersection over Union
(mloU) to evaluate semantic segmentation, and mean Average Precision (mAP) to evaluate instance
segmentation, object detection, and pose estimation performance. The backbone of Dr. RAW is a
Swin Transformer tiny (Swin-T)35]. Since most widely-used backbones are pretrained on RGB
images, this introduces a domain gap when applied to RAW images and impacts the performance of
downstream tasks. To address this issue, we pretrain the backbone on the large-scale RAW dataset,
i.e., AED20K RAW. Once pretrained, the backbone is frozen and transferred to other tasks. Fig. 3(d)
presents a statistical breakdown of the parameter count for each component of Dr. RAW.

Refer to App. D for more details. Due to page constraints, we present only the primary results for
each task here. Additional results can be found in the corresponding subsections in App. E.

4.2 Semantic Segmentation

Tab. 1 provides a comparison of semantic segmentation performance across multiple methods, along-
side the parameter ef ciency of each model. Traditional ISP-based methods, such as Demd3dicing [
and Karaimer et al.g5] show relatively consistent performance under normal and over-exposed
conditions, but their performance drops signi cantly in dark-light conditions. InvEs, while
competitive in well-lit scenes, deteriorates drastically in the dark, underscoring its sensitivity to illumi-
nation variations. Similarly, SIDJ] and DNF 24] are designed primarily for low-light conditions and

thus only report results for the dark scenario. Among the learning-based alternatives, DirtytBlixel [

and RAW-Adapter15] show improved robustness across lighting conditions. RAW-Adapter, in partic-
ular, yields the highest mloU under normal illumination. However, both methods come with relatively
high parameter costs, with RAW-Adapter using 45.16 million parameters, all of which are tunable.
Dr. RAW achieves the best overall

i il - mioU
performance under challenging illu Method No. of params(M) # | ool overexp  dark
mination. It attains SOTA mloU
in both over-exposed and dark set-K"?ig?ngz?S{‘gll?;%] 32-;*13 %g 3;(-)9;5
tings, while maintaining competitive ™| ,qp 53] 4608 4406 502
results in normal lighting. Notably, SID [9] 44.64 (44.641100%)| - - 27.18
Dr. RAW requires fewer tunable pa- Eegg[éi]] 1603 4292 35-7820
rameters—only corresponding 10 & pyy piel[16] 4592 (@8.927100%) 4619 4413  36.93
tunable ratio of 42.9%, which is signif- rRaw-Adapter [15] | 45.16 (45.16/100%)| 4657  44.19  37.62
icantly lower than other competitive Dr. RAW 47.74(20.51/42.9%) 46.29 4528  38.46

approaches. This demo‘nstrates the € The number of parameters is reported in the format: x(y=z),
fectiveness of Dr. RAW's parameterwhere x is total, y is tunable, and z = y=x.
ef cient design, striking a superiorrapje 1: Semantic segmentation results on ADE20K RAW.

balance between segmentation acqast results are bolded and second-best are underlined
racy and model compactness, particu-

larly under diverse lighting conditions. Fig. 5 visualizes some examples under various illuminations.

4.3 Object Detection

Tab. 2 presents object detection performance on the RASCAL-RAW dataset, while also accounting
for model ef ciency in terms of tunable parameters. We compare three tuning strategies: frozen,
where only the detection head is trained with a xed backbone; fully-tuned, where both backbone



Figure 5: Qualitative comparison of semantic segmentation under different illuminations (low-light
and over-exposure ).

mAP

Method ‘ Setting, No. of params(M) #

normal over-exp dark Method | Setting | mAP

frozen, 39.62 (10.93/ 28%) | 81.4 - - frozen | 46.8

Default ISP | ¢ 1y-tuned, 39.62 (39.62 / 100%|  86.7 - 5 Default ISP | ¢ “tuned | 65.6
Karaimer etal, [25]| . fTozen. 3962 (10.93/28%) | 893  B7.6 831 . o -
-[29]) fuily-tuned, 39.62 (39.62/1000% 90.1 891  87.6 Direct (RAW) | ¢ | 672

. frozen, 39.62 (10.93/28%) | 88.1 894 865
Demosacing [37] | f1y.tuned, 39.62 (39.62/100% 90.0 901  87.9  Karaimer etal. [25] . Iflroze” g 42-6
frozen, 39.62 (10.93/28%) | 88.7 893 723 ully-tuned | 62.5

IVISP 53] | t1ly-tuned, 39.62 (39.62/100% 89.6  89.8 785  Dirty-Pixel[16] | fully-tuned | 61.6
Dirty-Pixel [16] | fully-tuned, 39.42 (39.42 / 100% 89.7 89.0 836 RAW-Adapter[15] | fully-tuned | 62.1
RAW-Adapter [15] | fully-tuned, 37.11 (37.11/100% 89.7 89.5 86.6 Dr. RAW adapter | 72.1

Dr. RAW adapter, 38.67 (11.36/29%) | 90.4  90.3  89.7

I Refer to Tab. 1 for the format of No. of params. Table 3: Object detection per-
Table 2: Object detection performance across different metformance on LOD.
ods on RASCAL-RAW (normal / over-exp / dark).

and head are trained; and adapter, our proposed task-conditioned tuning that trains lightweight
adapter modules and the detection head while keeping the backbone frozen. Dr. RAW consistently
outperforms traditional ISP-based pipelines and recent learning-based methods across all lighting
conditions. It maintains a clear advantage over fully-tuned versions of other RAW processing
pipelines, particularly exhibiting enhanced robustness in the challenging dark environment where
methods like InvISPH3] show marked performance degradation. The baseline Default ISP yields the
lowest scores, highlighting the ef cacy of specialized RAW domain adaptation. Beyond accuracy, the
table provides insights into computational ef ciency, speci cally focusing on the number of tunable
parameters. While possessing a total parameter c88m64) comparable to Dirty-Pixel 6]
(39:42v)) and RAW-Adapter 15 (37:1IM), Dr. RAW employs an adapter-based strategy requiring
only 11:36M parameters (29% of the total) to be tuned. This contrasts sharply with the others, both
of which necessitate tuning 100% of their parameters. Tab. 3 presents the results on LOD. Among all
evaluated methods, Dr. RAW achieves the highest mAP. Speci cally, Dr. RAW surpasses the strongest
fully-tuned baseline by a substantial margintdf9% while only adapting a fraction of the model
parameters. Qualitative comparison is shown in Fig. 6(a). These results collectively demonstrate
that Dr. RAW not only eliminates the need for an ISP and full model tuning but also achieves a new
SOTA. The proposed components are both effective and ef cient, enabling substantial gains even in
the absence of paired supervision or intensive parameter updates.



Figure 6: Qualitative comparison of (a). object detection on the PASCAL-R2¥dataset under

low-light and over-exposure conditions, (b). pose estimation on the ExIPo3 flataset and
(c). instance segmentation on the LIS dataset [12].

4.4 Pose Estimation

The quantitative results presented in Tab. 4 report the mAP across several low-light testsets (LL-
N, LL-H, LL-E, LL-A), comparing Dr. RAW against relevant prior methods. Operating under
the constraint of utilizing only dark RAW images, Dr. RAW consistently establishes a new SOTA
benchmark. It achieves superior mAP scores compared to all fully-tuned baselines within this
category, including Direct (RAW), Karaimer et aRq], and InvISP §3], across the evaluated low-

light testsets. This uniform outperformance underscores the robustness and ef cacy of Dr. RAW
in extracting salient pose information directly from RAW sensor data, irrespective of the speci ¢
low-light challenge. Qualitative comparison is visualized in Fig. 6(b). Additional experimental results
against methods leveraging paired RAW-dark and RAW-normal supervision can be found in App. E.

4.5 Instance Segmentation

Tab. 5 summarizes the instance segmentation performance of our proposed method, Dr. RAW, against
a variety of methods. Within the category trained only on RAW-dark images, Dr. RAW demonstrates
compelling performance. The substantial gain in maRvhich demands higher localization accuracy,
highlights the quality of the instance masks predicted by our method even under challenging low-
light conditions using only dark RAW input. It is noteworthy that Dr. RAW achieves this SOTA
performance within the unpaired setting using an ef cient adapter-based tuning strategy, rather than
requiring full end-to-end ne-tuning like the Direct and Karaimer et al. baselines. This underscores
the ef cacy of our proposed components in Dr. RAW. Fig. 6(c) illustrates representative examples of
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