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Background

HDR RAW Detection Pipeline

RAW Object Detection Dataset

Comparison between the PASCALRAW, LOD, and our RAW sensor datasets.

Example scenes in our ROD dataset. 
(Show SDR data for better visualization)

Number of instances per category for our ROD dataset.Impact of the dynamic range for object detection. 

Ablation of the software ISP pipeline.

Analysis on RAW Detection

SDR vs. RAW for Detection

Imaging Pipeline

(Dynamic Range Adjustment is Important for Detection.)
 Pixel-level adjustment module Image-level adjustment module

Toward RAW Object Detection: A New Benchmark and A New Model
——OVERVIEW——



RAW Sensor Data for Detection
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(b) LDR vs. RAW for Detection(a) Imaging Pipeline
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• RAW sensor data preserve all the from imaging sensor and naturally has a high dynamic range.

• RAW sensor data preserving all information and reducing latency if directly used as input. 
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Comparison between the PASCALRAW, LOD, and our RAW sensor datasets.

Number of instances per category for our ROD dataset.
Example scenes in our ROD dataset. 

(Show SDR data for better visualization)

Dataset for RAW Object Detection (ROD)
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Key components of the software ISP
Ablation on the software ISP

Impact of the dynamic range for detection

 DNNs-based detection algorithms cannot handle HDR data, and the performance degradation gets 
worse when dynamic range increases; ISP system is important for DNNs-based detection.

 Dynamic range adjustment is inevitable to detection on the HDR RAW sensor data, since the higher 
the dynamic range, the more difficult it is to extract information by DNNs.

Analysis on RAW Detection
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 Jointly optimized with the downstream detection network in an End-to-End scheme.
 Trained together with the detector from scratch only using detection loss functions.
 Respectively explore the image-level and pixel-level information; Light-weight and computationally efficient.

 Image-level Adjustment Module  Pixel-level Adjustment Module  Loss Function

HDR RAW Detection Pipeline
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 DNNs-based detector is ineffective on night scenario RAW sensor data.

 Surpasses SDR data with improvements of 6.6% and 3.9% on the day and night scenarios.

 Boosts the performance with only 0.08 (M) parameters and 0.64 (G) FLOPs.

Qualitative Evaluation

Quantitative comparison with YOLOX (0.90M) on the day and night scenarios of ROD in terms of AP, AR,
AP50, and AP75.

Introduction | Dataset | Method | Results & Analysis | Conclusion
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 Day scenario, our method can deal with strong glare of sunlight and severe lighting variance.

 Night scenario, our method can handle lowlight condition and accurately recognize objects.

Quantitative Evaluation

Visualizing results with confidence scores over 0.4 in the day and night scenarios of ROD.
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Quantitative Evaluation
——MoreResults——

Visualizing results with confidence scores over 0.4 in the day scenarios of ROD.
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Quantitative Evaluation
——MoreResults——

Visualizing results with confidence scores over 0.4 in the night scenarios of ROD.

Introduction | Dataset | Method | Results & Analysis | Conclusion
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 Proposal-based detector on the day scenario of the ROD dataset. Our method outperforms SDR and IA-ISPNet.

Ablation Studies
Quantitative comparison with Sparse R-CNN (104.54M)

on the day scenario of the ROD dataset.
Quantitative comparison with YOLOX (8.92M) 

on the day scenario of the ROD dataset.

 Increasing the parameters  number of  YOLO-X to 8.92(M). Our method outperforms SDR and IA-ISPNet.

Introduction | Dataset | Method | Results & Analysis | Conclusion
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 Our method outperforms the SDR data on different
dynamic range datasets.

Ablation Studies

Quantitative comparison with YOLOX (0.90M) on 
different dynamic range datasets.

Ablation on the Image-Level Adjustment (ILA) 
and Pixel-Level Adjustment (PLA) modules.

 Proposed modules are effective for the detection on
RAW sensor data.
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Analysis for Performance Drop on RAW 
Impact of texture information on the performance of detection with 

YOLOX on the day and night scenario of the ROD dataset.

 Pixels of RAW sensor data are distributed in the low-value
area resulting in a lack of texture information.

 The case of imaging a strong glare in an extremely dark
scene, which means several close-to-one values inside a
nearly zero-value background

 Dynamic range adjustment method is effective to
boost texture information.

 Performance of detection on RWA sensor data is
positively associated with the entropy of GLCM.
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 Novel RAW sensor dataset for object detection on HDR RAW sensor data.

 Simple and effective adjustment method for detection on RAW sensor data.

 Extensive experiments demonstrate that object detection on HDR RAW sensor 

data significantly outperforms that on SDR data in different situations. 
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Conclusion



Thanks!
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