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Proprietary Image Processing 
Pipelines are ubiquitous 
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• High-dimensional parameter 

space and mixed between 

continuous and discrete

• ISP is often non-differentiable 

and black box

• Want to tune parameters 

towards almost any task metric

0th order Optimization Nonlinear Optimization

[Bergstra12, Ruben14, 

Bergstra13, Shahriari16, 

Snoek12, Swersky13,  

Hansen03]

[Davidson91, Bonnans06, 

Nelder65, Nishimura18]

Related works: Optimization
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[Li18, Chen18, Gharbi18, 

Chaitanya17, Liu19]

Existing work goals:

• Mimicking ISPs

• Creating new ISPs

Our work goals:

• Optimize ISP parameters using 

neural networks

Related works: Neural Networks in ISP Domain



Stage 1: Learning the Differentiable Proxy Function

Stage 2: Optimizing Hyperparameters for Task-Specific Outputs 

Demosaic Denoise

Image 
Enhancing

Lens 
Correction

Black Level

Metering
Tone 

Mapping

Bad Pixel 
Correction

Differentiable Proxy 

Function



𝒪ISP = 𝑓ISP( 𝐼 , 𝒫 )

𝑓ISP
𝐼

𝒫

𝒪ISP

Stage 1: Learning the Differentiable Proxy Function



𝒪PROXY = 𝑓PROXY( 𝐼 , 𝒫 ,𝒲)

𝑓PROXY
𝒪PROXY

𝒲

𝐼

𝒫

𝒪ISP

ℒPROXY

[Ronneberger15]

Stage 1: Learning the Differentiable Proxy Function



𝑓PROXY 𝐼 , 𝒫,𝒲∗ ≈ 𝑓ISP( 𝐼 , 𝒫 )

𝑓PROXY

𝒲∗

𝐼

𝒫

ℒPROXY

𝒪PROXY

𝒪ISP

Stage 1: Learning the Differentiable Proxy Function
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𝑓PROXY

𝒪PROXY𝒲∗
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𝐼
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ℒTASK
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𝒫∗ 𝑓PROXY

𝒪PROXY

𝐼

ℒTASK
Image ReconstructionAutomotive Object Detection

𝒫∗ = argmin𝒫 ℒTASK

𝒲∗

Fixed

Task-specific

TargetTask-specific

Input

Stage 2: Using Task-Specific Datasets 
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ARM Mali-C71 Hardware ISP

• Parameter space is high-dimensional and of 

mixed types (continuous and discrete)

• ISP is non-differentiable and processing units are 

black box

• Tuning towards arbitrary task metrics is difficult 

for traditional hyperparameter optimization methods

No problem for differentiable proxies!



Hardware-in-the-loopARM Mali-C71 ISP

ARM Mali-C71 Parameter Optimization: Stage 1

• Train proxy for ARM Mali-C71 ISP

• Acquire proxy training data using hardware-in-the-loop



Calibration Image on ScreenCaptured RAW Image

ARM Mali-C71 Parameter Optimization: Stage 1

• Train proxy for ARM Mali-C71 ISP

• Acquire proxy training data using hardware-in-the-loop



𝑓ISP𝐼

𝒫

𝒪ISP

ARM Mali-C71 Parameter Optimization: Stage 1

• Train proxy for ARM Mali-C71 ISP

• Acquire proxy training data using hardware-in-the-loop



Target

ARM Mali-C71 Parameter Optimization: Stage 2

• Set rainbow calibration chart as target image

• Task loss is ℒTASK = ℒPERCEPTUAL + 2ℒ1

• Parameters found enable ARM Mali-C71 to capture natural images



TargetHyperparameter Optimization

ARM Mali-C71 Parameter Optimization: Stage 2



TargetHyperparameter Optimization

ARM Mali-C71 Parameter Optimization: Stage 2



Manual Expert Tuning Automatic Tuning Using Proxy

Natural Image Capture Comparison



Expert Tuning – 3 months

Proxy Tuning – 3 hours

Manual Expert Tuning

Automatic Tuning Using Proxy

Natural Image Capture Comparison
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ARM Mali-C71 Parameter Optimization: Modified Target
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Low Light Denoising Details

𝑓BM3D

• Parameter space is mixed between 

continuous and discrete

• ISP is non-differentiable and black box

BM3D Denoising Algorithm Smartphone Image Denoising Dataset

• Stage 1: Noisy images are passed through 

BM3D to form proxy training data

• Stage 2: Noiseless images are set as targets

Noisy Images Noiseless Images

[Dabov07]

[Abdelhamed18]
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Method PSNR SSIM

Proxy-opt. BM3D 34.34 0.911

CBDNet 33.28 0.868

BM3D 25.65 0.685

Notable Results

Denoising Quantitative Result
Method PSNR SSIM

Proxy-opt. BM3D (Ours) 34.34 0.911

CBDNet [Guo et al. 2018] 33.28 0.868

KSVD-DCT [Elad and Aharon 2006] 27.51 0.780

KSVD-G [Elad and Aharon 2006] 27.19 0.771

EPLL [Zoran and Weiss 2011] 27.11 0.870

KSVD [Aharon et al. 2006] 26.88 0.842

NLM [Buades et al. 2005] 26.75 0.699

WNNM [Gu et al. 2014] 25.78 0.809

BM3D [Dabov et al. 2007] 25.65 0.685

FoE [Roth and Black 2005] 25.58 0.792

TNRD [Chen and Pock 2017] 24.73 0.643

MLP [Burger et al. 2012] 24.71 0.641

GLIDE [Talebi and Milanfar 2014] 24.71 0.774

LPG-PCA [Zhang et al. 2010] 24.49 0.681

DnCNN [Zhang et al. 2017] 23.66 0.583

DemosaicNet [Gharbi et al. 2016] 22.38 0.369



Method PSNR SSIM

Proxy-opt. BM3D 34.34 0.911

CBDNet 33.28 0.868

BM3D 25.65 0.685

Notable Results

Denoising Quantitative Result
Method PSNR SSIM

Proxy-opt. BM3D (Ours) 34.34 0.911

CBDNet [Guo et al. 2018] 33.28 0.868

KSVD-DCT [Elad and Aharon 2006] 27.51 0.780

KSVD-G [Elad and Aharon 2006] 27.19 0.771

EPLL [Zoran and Weiss 2011] 27.11 0.870

KSVD [Aharon et al. 2006] 26.88 0.842

NLM [Buades et al. 2005] 26.75 0.699

WNNM [Gu et al. 2014] 25.78 0.809

BM3D [Dabov et al. 2007] 25.65 0.685

FoE [Roth and Black 2005] 25.58 0.792

TNRD [Chen and Pock 2017] 24.73 0.643

MLP [Burger et al. 2012] 24.71 0.641

GLIDE [Talebi and Milanfar 2014] 24.71 0.774

LPG-PCA [Zhang et al. 2010] 24.49 0.681

DnCNN [Zhang et al. 2017] 23.66 0.583

DemosaicNet [Gharbi et al. 2016] 22.38 0.369



Method PSNR SSIM

Proxy-opt. BM3D 34.34 0.911

CBDNet 33.28 0.868

BM3D 25.65 0.685

Notable Results

Denoising Quantitative Result
Method PSNR SSIM

Proxy-opt. BM3D (Ours) 34.34 0.911

CBDNet [Guo et al. 2018] 33.28 0.868

KSVD-DCT [Elad and Aharon 2006] 27.51 0.780

KSVD-G [Elad and Aharon 2006] 27.19 0.771

EPLL [Zoran and Weiss 2011] 27.11 0.870

KSVD [Aharon et al. 2006] 26.88 0.842

NLM [Buades et al. 2005] 26.75 0.699

WNNM [Gu et al. 2014] 25.78 0.809

BM3D [Dabov et al. 2007] 25.65 0.685

FoE [Roth and Black 2005] 25.58 0.792

TNRD [Chen and Pock 2017] 24.73 0.643

MLP [Burger et al. 2012] 24.71 0.641

GLIDE [Talebi and Milanfar 2014] 24.71 0.774

LPG-PCA [Zhang et al. 2010] 24.49 0.681

DnCNN [Zhang et al. 2017] 23.66 0.583

DemosaicNet [Gharbi et al. 2016] 22.38 0.369



Natural Image Optimization Low-light Denoising
Proxy for Global Image 

Operations
Object Detection for 

Autonomous Cars

Tone Mapping with Software ISP

See paper for details!
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Object Detection with Hardware ISP for Autonomous Cars



𝑓PROXY

𝒲∗

Trained ARM Mali-C71 Proxy

ℒIOU

𝒫∗ = argmin𝒫 ℒIOU( 𝑓DETECT ( 𝑓PROXY( 𝐼, 𝒫,𝒲
∗ ))

𝑓DETECT

Trained FRCNN

𝒫𝒫∗

𝐼

Object Detection with Hardware ISP for Autonomous Cars

[Ren15, Geiger13]



Object Detection Optimization Time-lapse
CV Precision KPI True positives False negatives

Proxy-optimization produces images that are

• different from images intended for       

human viewing

• favored by FRCNN due to strong       

denoising through slight blurring



Expert-Tuned Proxy-Optimized

Object Detection Result: Increased True Positives



Expert-TunedProxy-Optimized

Object Detection Result: Decreased False Positives



Expert-Tuned

Object Detection Result: Tighter Bounding Boxes

Proxy-Optimized



Object Detection Result: Tighter Bounding Boxes
Expert-Tuned

Proxy-Optimized

Object Detection Result: Quantitative Results



Expert-Tuned Proxy-Optimized

Object Detection Comparison



Expert-Tuned Proxy-Optimized

Object Tracking Comparison
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• High-dimensionality

• Continuous / discrete parameter space

• Non-differentiability and black box

Tuned towards arbitrary task metrics

• Outperformed state of the art
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• Full end-to-end optimization of imaging systems

Future work

• Dynamic control hyperparameters

ISP

Detector

Optics and Sensors

Expanded Proxy
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Hyperparameter Optimization in Black-box Image Processing 

using Differentiable Proxies



Benchmark functions

Tested using 20 dimensional versions (2D shown here)



𝒪BM3D = 𝑓BM3D( 𝐼 , 𝒫 )

𝑓ISP
𝐼

𝒫

𝒪BM3D

𝑓BM3D

Optimizing a Classical Denoiser
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Crop

Noisy Cropped Images Ground Truth Images
Cropped Ground 

Truth Images

Labels

ℒTASK = ℒMSE 𝑓PROXY(𝐼NOISY, 𝒫 ; 𝒲∗), 𝐼GT)

Optimizing a Classical Denoiser



Noisy Image
BM3D w/ Default 

Hyperparameter Output

BM3D w/ Optimized 

Hyperparameter Output Ground Truth Image

Optimizing a Classical Denoiser


