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Simple image processing kernel
int	  WIDTH	  =	  1024;	  

int	  HEIGHT	  =	  1024;	  

float	  input[WIDTH	  *	  HEIGHT];	  

float	  output[WIDTH	  *	  HEIGHT];	  

for	  (int	  j=0;	  j<HEIGHT;	  j++)	  {	  

	  	  for	  (int	  i=0;	  i<WIDTH;	  i++)	  {	  

	  	  	  	  output[j*WIDTH	  +	  i]	  =	  0.5f	  *	  input[j*WIDTH	  +	  i];	  

	  	  }	  

}

Point-wise operation: one in, one out



 CMU 15-869, Fall 2014

3x3 box blur (Photoshop)

2X zoom view
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2D convolution using 3x3 filter
int	  WIDTH	  =	  1024;	  

int	  HEIGHT	  =	  1024;	  

float	  input[(WIDTH+2)	  *	  (HEIGHT+2)];	  

float	  output[WIDTH	  *	  HEIGHT];	  

float	  weights[]	  =	  {1./9,	  1./9,	  1./9,	  

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  1./9,	  1./9,	  1./9,	  

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  1./9,	  1./9,	  1./9};	  

for	  (int	  j=0;	  j<HEIGHT;	  j++)	  {	  

	  	  for	  (int	  i=0;	  i<WIDTH;	  i++)	  {	  

	  	  	  	  float	  tmp	  =	  0.f;	  

	  	  	  	  for	  (int	  jj=0;	  jj<3;	  jj++)	  

	  	  	  	  	  	  for	  (int	  ii=0;	  ii<3;	  ii++)	  

	  	  	  	  	  	  	  	  	  tmp	  +=	  input[(j+jj)*(WIDTH+2)	  +	  (i+ii)]	  *	  weights[jj*3	  +	  ii];	  

	  	  	  	  output[j*WIDTH	  +	  i]	  =	  tmp;	  

	  	  }	  

}
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2D convolution using 3x3 filter
int	  WIDTH	  =	  1024;	  

int	  HEIGHT	  =	  1024;	  

float	  input[(WIDTH+2)	  *	  (HEIGHT+2)];	  

float	  output[WIDTH	  *	  HEIGHT];	  

float	  weights[]	  =	  {1.,	  0,	  -‐1.,	  

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  2.,	  0,	  -‐2.,	  

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  1.,	  0,	  -‐1.};	  

for	  (int	  j=0;	  j<HEIGHT;	  j++)	  {	  

	  	  for	  (int	  i=0;	  i<WIDTH;	  i++)	  {	  

	  	  	  	  float	  tmp	  =	  0.f;	  

	  	  	  	  for	  (int	  jj=0;	  jj<3;	  jj++)	  

	  	  	  	  	  	  for	  (int	  ii=0;	  ii<3;	  ii++)	  

	  	  	  	  	  	  	  	  	  tmp	  +=	  input[(j+jj)*(WIDTH+2)	  +	  (i+ii)]	  *	  weights[jj*3	  +	  ii];	  

	  	  	  	  output[j*WIDTH	  +	  i]	  =	  tmp;	  

	  	  }	  

}
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Data-dependent filter
int	  WIDTH	  =	  1024;	  

int	  HEIGHT	  =	  1024;	  

float	  input[(WIDTH+2)	  *	  (HEIGHT+2)];	  

float	  output[WIDTH	  *	  HEIGHT];	  

for	  (int	  j=0;	  j<HEIGHT;	  j++)	  {	  

	  	  for	  (int	  i=0;	  i<WIDTH;	  i++)	  {	  

	  	  	  	  float	  min_value	  =	  min(	  min(input[(j-‐1)*WIDTH	  +	  i],	  input[(j+1)*WIDTH	  +	  i]),	  

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  min(input[j*WIDTH	  +	  i-‐1],	  input[j*WIDTH	  +	  i+1])	  );	  

	  	  	  	  float	  max_value	  =	  max(	  max(input[(j-‐1)*WIDTH	  +	  i],	  input[(j+1)*WIDTH	  +	  i]),	  

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  max(input[j*WIDTH	  +	  i-‐1],	  input[j*WIDTH	  +	  i+1])	  );	  

	  	  	  	  output[j*WIDTH	  +	  i]	  =	  clamp(min_value,	  max_value,	  input[j*WIDTH	  +	  i]);	  

	  	  }	  

}
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Image blur (convolution with 2D filter)
int	  WIDTH	  =	  1024;	  

int	  HEIGHT	  =	  1024;	  

float	  input[(WIDTH+2)	  *	  (HEIGHT+2)];	  

float	  output[WIDTH	  *	  HEIGHT];	  

float	  weights[]	  =	  {1./9,	  1./9,	  1./9,	  

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  1./9,	  1./9,	  1./9,	  

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  1./9,	  1./9,	  1./9};	  

for	  (int	  j=0;	  j<HEIGHT;	  j++)	  {	  

	  	  for	  (int	  i=0;	  i<WIDTH;	  i++)	  {	  

	  	  	  	  float	  tmp	  =	  0.f;	  

	  	  	  	  for	  (int	  jj=0;	  jj<3;	  jj++)	  

	  	  	  	  	  	  for	  (int	  ii=0;	  ii<3;	  ii++)	  

	  	  	  	  	  	  	  	  tmp	  +=	  input[(j+jj)*(WIDTH+2)	  +	  (i+ii)]	  *	  weights[jj*3	  +	  ii];	  

	  	  	  	  output[j*WIDTH	  +	  i]	  =	  tmp;	  

	  	  }	  

}

Total work per image = 9 x WIDTH x HEIGHT

For NxN filter:  N2 x WIDTH x HEIGHT
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Two-pass box blur
int	  WIDTH	  =	  1024	  
int	  HEIGHT	  =	  1024;	  
float	  input[(WIDTH+2)	  *	  (HEIGHT+2)];	  
float	  tmp_buf[WIDTH	  *	  (HEIGHT+2)];	  
float	  output[WIDTH	  *	  HEIGHT];	  

float	  weights[]	  =	  {1./3,	  1./3,	  1./3};	  

for	  (int	  j=0;	  j<(HEIGHT+2);	  j++)	  
	  	  for	  (int	  i=0;	  i<WIDTH;	  i++)	  {	  
	  	  	  	  float	  tmp	  =	  0.f;	  
	  	  	  	  for	  (int	  ii=0;	  ii<3;	  ii++)	  
	  	  	  	  	  	  tmp	  +=	  input[j*(WIDTH+2)	  +	  i+ii]	  *	  weights[ii];	  
	  	  	  	  tmp_buf[j*WIDTH	  +	  i]	  =	  tmp;	  
	  	  }	  

for	  (int	  j=0;	  j<HEIGHT;	  j++)	  {	  
	  	  for	  (int	  i=0;	  i<WIDTH;	  i++)	  {	  
	  	  	  	  float	  tmp	  =	  0.f;	  
	  	  	  	  for	  (int	  jj=0;	  jj<3;	  jj++)	  
	  	  	  	  	  	  tmp	  +=	  tmp_buf[(j+jj)*WIDTH	  +	  i]	  *	  weights[jj];	  
	  	  	  	  output[j*WIDTH	  +	  i]	  =	  tmp;	  
	  	  }	  
}

Total work per image = 6 x WIDTH x HEIGHT
For NxN filter:  2N x WIDTH x HEIGHT
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Separable filters
▪ A separable 2D filter is the outer product of two 1D filters 
▪ Implication: 

- Can implement 2D convolution efficiently as two 1D convolutions 
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Two-pass box blur
int	  WIDTH	  =	  1024	  
int	  HEIGHT	  =	  1024;	  
float	  input[(WIDTH+2)	  *	  (HEIGHT+2)];	  
float	  tmp_buf[WIDTH	  *	  (HEIGHT+2)];	  
float	  output[WIDTH	  *	  HEIGHT];	  

float	  weights[]	  =	  {1./3,	  1./3,	  1./3};	  

for	  (int	  j=0;	  j<(HEIGHT+2);	  j++)	  
	  	  for	  (int	  i=0;	  i<WIDTH;	  i++)	  {	  
	  	  	  	  float	  tmp	  =	  0.f;	  
	  	  	  	  for	  (int	  ii=0;	  ii<3;	  ii++)	  
	  	  	  	  	  	  tmp	  +=	  input[j*(WIDTH+2)	  +	  i+ii]	  *	  weights[ii];	  
	  	  	  	  tmp_buf[j*WIDTH	  +	  i]	  =	  tmp;	  
	  	  }	  

for	  (int	  j=0;	  j<HEIGHT;	  j++)	  {	  
	  	  for	  (int	  i=0;	  i<WIDTH;	  i++)	  {	  
	  	  	  	  float	  tmp	  =	  0.f;	  
	  	  	  	  for	  (int	  jj=0;	  jj<3;	  jj++)	  
	  	  	  	  	  	  tmp	  +=	  tmp_buf[(j+jj)*WIDTH	  +	  i]	  *	  weights[jj];	  
	  	  	  	  output[j*WIDTH	  +	  i]	  =	  tmp;	  
	  	  }	  
}

Total work per image = 6 x WIDTH x HEIGHT

For NxN filter:  2N x WIDTH x HEIGHT

But implementation incurs bandwidth cost of writing 
and reading tmp_buf. (and memory footprint 
overhead of storing tmp_buf)

input	  
(W+2)x(H+2)

tmp_buf	  
Wx(H+2)

output	  
WxH
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Two-pass image blur
int	  WIDTH	  =	  1024	  
int	  HEIGHT	  =	  1024;	  
float	  input[(WIDTH+2)	  *	  (HEIGHT+2)];	  
float	  tmp_buf[WIDTH	  *	  (HEIGHT+2)];	  
float	  output[WIDTH	  *	  HEIGHT];	  

float	  weights[]	  =	  {1./3,	  1./3,	  1./3};	  

for	  (int	  j=0;	  j<(HEIGHT+2);	  j++)	  
	  	  for	  (int	  i=0;	  i<WIDTH;	  i++)	  {	  
	  	  	  	  float	  tmp	  =	  0.f;	  
	  	  	  	  for	  (int	  ii=0;	  ii<3;	  ii++)	  
	  	  	  	  	  	  tmp	  +=	  input[j*(WIDTH+2)	  +	  i+ii]	  *	  weights[ii];	  
	  	  	  	  tmp_buf[j*WIDTH	  +	  i]	  =	  tmp;	  
	  	  }	  

for	  (int	  j=0;	  j<HEIGHT;	  j++)	  {	  
	  	  for	  (int	  i=0;	  i<WIDTH;	  i++)	  {	  
	  	  	  	  float	  tmp	  =	  0.f;	  
	  	  	  	  for	  (int	  jj=0;	  jj<3;	  jj++)	  
	  	  	  	  	  	  tmp	  +=	  tmp_buf[(j+jj)*WIDTH	  +	  i]	  *	  weights[jj];	  
	  	  	  	  output[j*WIDTH	  +	  i]	  =	  tmp;	  
	  	  }	  
}

Data from input reused three times.  (immediately reused in next 
two i-loop iterations after first load, never loaded again.) 
- Perfect cache behavior: never load required data more than once 
- Perfect use of cache lines (don’t load unnecessary data into cache)

Data from tmp_buf reused three times (but three 
rows of image data are accessed in between) 
- Never load required data more than once… if 

cache has capacity for three rows of image 
- Perfect use of cache lines (don’t load unnecessary 

data into cache)

Two pass: loads/stores to tmp_buf are overhead traffic (this memory 
traffic is an artifact of the two-pass implementation: it is not intrinsic to 
computation being performed)

Intrinsic bandwidth requirements of algorithm: 
Application must read each element of input image and 
must write each element of output image.
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Two-pass image blur, “chunked” (version 1)
int	  WIDTH	  =	  1024	  
int	  HEIGHT	  =	  1024;	  
float	  input[(WIDTH+2)	  *	  (HEIGHT+2)];	  
float	  tmp_buf[WIDTH	  *	  3];	  
float	  output[WIDTH	  *	  HEIGHT];	  

float	  weights[]	  =	  {1./3,	  1./3,	  1./3};	  

for	  (int	  j=0;	  j<HEIGHT;	  j++)	  {	  

	  	  for	  (int	  j2=0;	  j2<3;	  j2++)	  
	  	  	  	  for	  (int	  i=0;	  i<WIDTH;	  i++)	  {	  
	  	  	  	  	  	  float	  tmp	  =	  0.f;	  
	  	  	  	  	  	  for	  (int	  ii=0;	  ii<3;	  ii++)	  
	  	  	  	  	  	  	  	  tmp	  +=	  input[(j+j2)*(WIDTH+2)	  +	  i+ii]	  *	  weights[ii];	  
	  	  	  	  	  	  tmp_buf[j2*WIDTH	  +	  i]	  =	  tmp;	  
	  	  	  
	  	  for	  (int	  i=0;	  i<WIDTH;	  i++)	  {	  
	  	  	  	  float	  tmp	  =	  0.f;	  
	  	  	  	  for	  (int	  jj=0;	  jj<3;	  jj++)	  
	  	  	  	  	  	  tmp	  +=	  tmp_buf[jj*WIDTH	  +	  i]	  *	  weights[jj];	  
	  	  	  	  output[j*WIDTH	  +	  i]	  =	  tmp;	  
	  	  }	  
}

input	  
(W+2)x(H+2)

tmp_buf

output	  
WxH

(Wx3)

Produce 3 rows of tmp_buf

Total work per row of output: 
- step 1: 3 x 3 x WIDTH work 
- step 2: 3 x WIDTH work 

Total work per image = 12 x WIDTH x HEIGHT    ????

Combine them together to get one row of output

Only 3 rows of intermediate 
buffer needs to be allocated
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int	  WIDTH	  =	  1024	  
int	  HEIGHT	  =	  1024;	  
float	  input[(WIDTH+2)	  *	  (HEIGHT+2)];	  
float	  tmp_buf[WIDTH	  *	  (CHUNK_SIZE+2)];	  
float	  output[WIDTH	  *	  HEIGHT];	  

float	  weights[]	  =	  {1./3,	  1./3,	  1./3};	  

for	  (int	  j=0;	  j<HEIGHT;	  j+CHUNK_SIZE)	  {	  

	  	  for	  (int	  j2=0;	  j2<CHUNK_SIZE+2;	  j2++)	  
	  	  	  	  for	  (int	  i=0;	  i<WIDTH;	  i++)	  {	  
	  	  	  	  	  	  float	  tmp	  =	  0.f;	  
	  	  	  	  	  	  for	  (int	  ii=0;	  ii<3;	  ii++)	  
	  	  	  	  	  	  	  	  tmp	  +=	  input[(j+j2)*(WIDTH+2)	  +	  i+ii]	  *	  weights[ii];	  
	  	  	  	  	  	  tmp_buf[j2*WIDTH	  +	  i]	  =	  tmp;	  
	  	  	  
	  	  for	  (int	  j2=0;	  j2<CHUNK_SIZE;	  j2++)	  
	  	  	  	  for	  (int	  i=0;	  i<WIDTH;	  i++)	  {	  
	  	  	  	  	  	  float	  tmp	  =	  0.f;	  
	  	  	  	  	  	  for	  (int	  jj=0;	  jj<3;	  jj++)	  
	  	  	  	  	  	  	  	  tmp	  +=	  tmp_buf[(j2+jj)*WIDTH	  +	  i]	  *	  weights[jj];	  
	  	  	  	  	  	  output[(j+j2)*WIDTH	  +	  i]	  =	  tmp;	  
	  	  	  	  }	  
}

Two-pass image blur, “chunked” (version 2)

input	  
(W+2)x(H+2)

tmp_buf

output	  
WxH

Wx(CHUNK_SIZE+2)

Produce  enough rows of 
tmp_buf to produce a 
CHUNK_SIZE number of 
rows of output

Total work per row of output: 
(assume CHUNK_SIZE = 16) 

- Step 1: 18 x 3 x WIDTH work 
- Step 2: 16 x 3 x WIDTH work 

Total work per image: (34/16) x 3 x WIDTH x HEIGHT  
                                                 = 6.4 x WIDTH x HEIGHT

Produce CHUNK_SIZE rows of output

Sized to fit in cache 
(capture all producer-
consumer locality)

Trends to idea 6 x WIDTH x HEIGHT as CHUNK_SIZE is increased! 
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Conflicting goals (once again...)
▪ Want to be work efficient (perform fewer operations) 
▪ Want to take advantage of locality when present 

- Ideal: bandwidth cost of implementation is very close to intrinsic cost of 
algorithm: data loaded from memory once and used in all instances it is 
needed prior to being discarded from processor’s cache 

▪ Want to execute in parallel (multi-core, SIMD within core)
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Optimized C++ code: 3x3 image blur
Good: 10x faster: on a quad-core CPU than my original two-pass code  
Bad: specific to SSE (not AVX2), CPU-code only, hard to tell what is going on at all!

use of SIMD vector intrinsics

Modified iteration order: 
256x32 block-major iteration 
(to maximize cache hit rate)

Multi-core execution 
(partition image vertically)

two passes fused into one: 
tmp data read from cache
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Halide image processing language
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Halide blur
▪ Halide = two domain-specific co-languages 

1. A purely functional language for defining image processing algorithms 
2. A mini-language for defining “schedules” for how to map these algorithms to machines

Images are pure functions from integer coordinates (up to 
4D domain) to values (color of corresponding pixels) 

Algorithms are a series of functions 
(Algorithms are image processing pipelines, and a function 
defines the logic of a pipeline stage) 

Functions (side-effect-free) map coordinates to values 
(in, tmp and blurred are functions)

NOTE: Neither execution order of processing nor image storage format 
is specified by the functional abstraction.  The Halide implementation 
can evaluate, reevaluate, cache individual points as desired!
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Halide program as a pipeline

in

tmp

blurred
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Halide blur
▪ Halide = two domain-specific co-languages 

1. A purely functional language for defining image processing algorithms 
2. A mini-language for defining “schedules” for how to map these algorithms to machines

When evaluating blurred, use 2D tiling order 
(loops named by x, y, xi, yi).  Use tile size 256 x 32.

Vectorize the xi loop (8-wide), use threads to 
parallelize the y loop

Produce only chunks of  tmp at a time. Vectorize 
the x (innermost) loop
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Separation of algorithm from schedule
▪ Key idea of Halide: a small algebra of composable scheduling 

operations can describe optimization decisions for a broad class of 
image processing operations 
- Programmers “optimize” an algorithm by quickly describing a 

schedule in a domain-specific scheduling co-language. 

▪ Given algorithm + schedule, Halide system generates high-quality 
code for a target machine 
- Powerful optimizations enabled by limiting scope of application domain: 

- All computation over regular (up to 4D) grids 
- Only feed-forward pipelines (includes special support for reductions) 
- Language constrained so that all dependencies can be inferred by compiler 
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Halide schedule: producer/consumer scheduling
▪ Four basic scheduling primitives shown below 
▪ Fifth primitive: “reuse” not shown

in tmp blurred in tmp blurred

“Root”
“Inline”

in tmp blurred

“Sliding Window” “Chunked”

in tmp blurred
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Halide schedule: domain iteration
Schedule specifies both iteration order and 
how to parallelize independent iterations 
(multi-threading, SIMD vector)

2D blocked iteration order
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Halide results
▪ Camera RAW processing pipeline 

(Convert RAW sensor data to RGB image) 

- Original: 463 lines of hand-tuned ARM assembly 
- Halide: 2.75x less code, 5% faster

Demosaic
Denoise

Tone curve
Color correct

▪ Bilateral filter 
(Common image filtering operation used in many applications) 

- Original 122 lines of C++ 
- Halide: 34 lines algorithm + 6 lines schedule 

- CPU implementation: 5.9x faster 
- GPU implementation: 2x faster than hand-written CUDA

Denoise 
Demosaic 
Color Correct 
Tone Curve

Blurring

Slicing

Grid 
constructionGrid Construction 

Blurring 

Slicing

Takeaway: Halide abstractions allow rapid exploration of 
optimization space, allowing programmer to reach 
optimal points quickly
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Lesson: establishing good abstractions is 
extremely valuable

▪ Halide is one attempt to raise the level of abstraction for 
authoring image-processing applications 
- Focus: make is easier for humans to iterate through possible scheduling choices 
- Auto-tuning was explored (see readings) but very long compilation times 
- Other emerging systems with similar goals: See “Darkroom” from readings   

▪ Halide developed at MIT/Stanford circa 2010-2012 

▪ Halide now in use at Google for Android camera processing pipeline
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Summary: image processing basics
▪ Same trade-offs arise as in previous discussions of graphics pipelines  

- Need to maintain work efficiency 
- Need to achieve bandwidth efficiency (exploit locality when it exists)  
- Need to maintain parallelism 

▪ A well-tuned piece of C code can be an order of magnitude faster 
than a basic C implementation 
- However, a few lines of code turns into many (difficult to understand and maintain) 
- Scheduling decisions not portable across machines (different compute/BW trade-offs, different 

cache sizes, different instruction sets, specialized HW, ...) 
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Darkroom: efficient programmable image 
processing from a hardware perspective
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Image signal processor

Sensor

Image Signal 
Processor 

(ISP)
One pixel per clock

Fixed-function ASIC in modern cameras: responsible for processing RAW pixels to 
produce output image 

Buffer
Image

DRAM

brighten_image	  img(x,y)	  I(x,y)	  *	  1.1

Point-wise operation:  one input pixel → one output pixel

How much buffering is needed in the ISP to implement pointwise operations?

Darkroom language syntax
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Stencil operations

Sensor

Image Signal 
Processor 

(ISP)
One pixel per clock

Buffer
Image

DRAM

convolve_image_1d	  img(x,y)	  (I(x-‐2,y)	  +	  I(x-‐1,y)	  +	  I(x,	  y))	  /	  3.0

Stencil-operation:  local region of input pixels → one output pixel

How much buffering is needed in the ISP to implement this stencil operation?
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Line-buffered execution

Recent work has shown that a general purpose CPU uses 500⇥ the
energy of a custom ASIC for video decoding [Hameed et al. 2010].
While the CPU can be improved, the majority of the ASIC advantage
comes from using a long pipeline that performs more arithmetic per
byte loaded. On a modern process, loading one byte from off-chip
DRAM uses 6400⇥ the energy of a 1 byte add; even a large cache
uses 50⇥ the energy of the add [Malladi et al. 2012; Muralimanohar
and Balasubramonian 2009]. ISPs are ideally tuned to these con-
straints: they achieve high energy efficiency by performing a large
number of operations per input loaded, and exploiting locality to
minimize off-chip DRAM bandwidth. Existing commercial ISPs
use less than 200mW to process HD video [Aptina].

3 Programming Model

Based on the patterns exploited in ISPs, we define the Darkroom
programming language. Its programming model is similar to prior
work on image processing, such as Popi, Pan, and Halide [Holzmann
1988; Elliott 2001; Ragan-Kelley et al. 2012]. Images at each stage
of computation are specified as pure functions from 2D coordinates
to the values at those coordinates, which we call image functions. Im-
age functions are defined over all integer coordinates (x, y), though
they can be explicitly cropped to a finite region using one of several
boundary conditions.

In our notation, image functions are declared using a lambda-like
syntax, im(x,y). For example, a simple brightening operation applied
to the input image I can be written as the function:
brighter = im(x,y) I(x,y) * 1.1 end

To implement stencil operations such as convolutions, Darkroom
allows image functions to access neighboring pixels:
convolve = im(x,y) (1*I(x-1,y)+2*I(x,y)+1*I(x+1,y))/4 end

To support operations like warps, Darkroom has an explicit gather
operator. Gathers allow dynamically computed indices, but must
be explicitly bounded within a certain compile-time constant dis-
tance from the current (x, y) position. For example, the following
performs a nearest-neighbor warp on I:
warp = im(x,y) gather(I, 4, 4, warpVX(x,y), warpVY(x,y)) end

warpVX and warpVY can be arbitrary expressions that will be clamped
to the range [�4, 4].

Compared to prior work, we make the following restrictions to fit
within the line-buffered pipeline model:

1. Image functions can only be accessed (1) at an index (x +

A, y + B) where A,B are constants, or (2) with the explicit
gather operator. Affine indices like I(x*2,y*2) are not allowed.
This means that every stage produces and consumes pixels at
the same rate, a restriction of line-buffered pipelines.

2. Image functions cannot be recursive, because this could force
a serialization in how the image is computed. This makes it
impossible to implement inherently serial techniques inside a
pipeline.

A simple pipeline in Darkroom

Let us look at a simple example program in Darkroom. The unsharp
mask operation sharpens an image I by amplifying the difference
between it and a blurred copy to enhance high frequencies. Im-
plementing the 2D blur as separate 1D passes, we could write the
pipeline as:
bx = im(x,y) (I(x-1,y) + I(x,y) + I(x+1,y))/3 end
by = im(x,y) (bx(x,y-1) + bx(x,y) + bx(x,y+1))/3 end
difference = im(x,y) I(x,y)-by(x,y) end
scaled = im(x,y) 0.1 * difference(x,y) end
sharpened = im(x,y) I(x,y) + scaled(x,y) end

The final three image functions—difference, scaled, and sharpened—
are pointwise operations, so the whole pipeline can be collapsed into
two stencil stages:
S1 = im(x,y) (I(x-1,y) + I(x,y) + I(x+1,y))/3 end
S2 = im(x,y)

I(x,y) + 0.1*(I(x,y)-(S1(x,y-1) + S1(x,y) + S1(x,y+1))/3)
end

input outputbx

S1
S2

It cannot be collapsed any further without changing the stencils of
the individual computations. Notice that this is not a linear pipeline,
but a general DAG of operations communicating through stencils. In
this example, the final sharpened result is composed of stencils over
both the horizontally-blurred intermediate, and the original input
image.

4 Generating Line-buffered Pipelines

Given a high-level program written in Darkroom, we first transform
it into a line-buffered pipeline. This pipeline processes input in time
steps, one pixel at a time. During each time step, it consumes one
pixel of input, and produces one pixel of output. The pipeline can
contain both combinational nodes that perform arithmetic, and line
buffers that store intermediate values from the previous time step.

Fig. 4 (a) shows code for a simple 1-D convolution of an input In

with a constant kernel ki. From this code, we can create a pipeline
such that at time t = 0, we read the value for In(0) and produce a
value for Out(0), illustrated in Fig. 4 (b). Current values such as In(0)

can be wired directly to their consumers. Values from the past such
as In(x - 2) are stored as entries in an N pixel shift register, known
as a line buffer. Fig. 4 (c) shows the pipeline that results from our
simple example.

This model can also handle two dimensional stencils by reducing
them to one dimension, flattening the image into a continuous stream
of pixels generated from concatenated lines. Given a fixed line size
L, accesses f(x+ c1, y+ c2) are replaced with f

0
(x

0
+ c1+L⇤ c2)

(a) A 1-D convolution of In against a constant kernel k:

Out = im(x) k0*In(x) + k1*In(x-1) + k2*In(x-2) end

(b) An illustration of how this convolution would execute over time:

In(1)

Out(0)

In(2)

Out(1)

In(3)

Out(2)

In(4)

Out(3) Out(4)

t = 0 t = 1 t = 2 t = 3 t = 4

In(0)

(c) A pipeline that implements this execution. Square nodes are
pixel buffers whose output is their input from the previous time step.
Two pixel buffers are required because Out accesses values of In
two cycles in the past. This collection of pixel buffers forms a line

buffer :

line buffer

In Out
combinational

 logic}
Figure 4: Translation of a simple convolution stencil into a line-
buffered pipeline.

ISP “line-buffer” (shift-register) contents:
t=0:	  	  	  	  in(0),	  ——	  	  	  ,	  ——	  
t=1:	  	  	  	  in(1),	  in(0),	  __	  
t=2:	  	  	  	  in(2),	  in(1),	  in(0)	  
t=3:	  	  	  	  in(3),	  in(2),	  in(1)	  
t=4:	  	  	  	  in(4),	  in(3),	  in(2)	  

Each clock, ISP performs: 
out	  =	  (line_buffer[0]	  +	  line_buffer[1]	  +	  line_buffer[2])	  /	  3.0;	  

Dependency graph:

Figure credit: Hegarty 2014
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between stages. This pattern is often called line-buffering. The com-
bination of many arithmetic operations with low memory bandwidth
leads to a power efficient design. Performing image processing in
specialized hardware is at least 500⇥ more power efficient than
performing the same calculations on a CPU [Hameed et al. 2010].

However, implementing new image processing algorithms in hard-
ware is extremely challenging and expensive. In traditional hard-
ware design languages, optimized designs must be expressed at
an extremely low level, and are dramatically more complex than
equivalent software. Worse, iterative development is hamstrung by
slow synthesis tools: compile times of hours to days are common.
Because of this complexity, designing specialized hardware, or even
programming FPGAs, is out of reach to most developers. In prac-
tice, most new algorithms are only implemented on general purpose
CPUs or GPUs, where they consume too much energy and deliver
too little performance for real-time mobile applications.

In this paper, we present a new image processing language, Dark-
room, that can be compiled into ISP-like hardware designs. Similar
to Halide and other languages [Ragan-Kelley et al. 2012], Dark-
room specifies image processing algorithms as functional DAGs
of local image operations. However, while Halide’s flexible pro-
gramming model targets general-purpose CPUs and GPUs, in order
to efficiently target FPGAs and ASICs, Darkroom restricts image
operations to static, fixed size windows, or stencils. As we will
show, this allows Darkroom to automatically schedule programs
written in a clean, functional form into line-buffered pipelines using
minimal buffering, and to compile into efficient ASIC and FPGA
implementations and CPU code.

This paper makes the following contributions:

• We demonstrate the feasibility of compiling high-level image
processing code directly into efficient hardware designs.

• We formalize the optimization of ISP-like line-buffered
pipelines to minimize buffer size as an integer linear program.
It computes optimal buffering for real pipelines in < 1 sec.

• We demonstrate back-ends that automatically compile line-
buffered pipelines into structural Verilog for ASICs and
FPGAs. For our camera pipeline and most tested applications,
the generated ASICs are extremely energy efficient, requiring
< 250 pJ/pixel (simulated on a 45nm foundry process), while
a mid-range FPGA runs them at 125-145 megapixels/sec. On
our applications, the generated ASICs and FPGA designs use
less than 3⇥ the optimal buffering.

• We also show how to compile efficiently to CPUs. Our results
are competitive with optimized Halide, but require seconds
to schedule instead of hours. We also show performance 7⇥
faster than a clean C implementation of similar complexity.

2 Background

Camera ISPs process raw data from a camera sensor to produce
appealing images for display. Most camera sensors record only one
color per pixel, requiring other channels at each pixel to be estimated
from its neighbors (“demosaicing”). ISPs also correct noise, optical
aberrations, white balance, and perform other enhancements (Fig. 2).

Camera ISPs are typically implemented as fixed-function ASIC
pipelines. Each clock cycle, the pipeline reads one pixel of input
from the sensor or memory, and produces one pixel of output. ISPs
are extremely deep pipelines: there are many stages, and a long
delay between when a pixel enters the pipeline and when it leaves.

ISP pipelines contain two types of operation. One type only operates
on single pixels, such as gamma correction. We call these pointwise,

7

Black
Level

Correction

Dead
Pixel

Correction

Crosstalk
Correction

White
Balance Demosaic

Color
Correction
Matrix

Raw
Input

Output
Image3
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Figure 2: Camera ISPs are pipelines of many image operations.
Some stages access a single point, while others access a window
around the output pixel, or stencil (indicated by blue boxes). No
stages access arbitrary pixels from the image.

f

load storeinput output

stencil
stencil 

function

load

store

f
g

line buffer

Figure 3: Each stage of the ISP is a pure function of its stencil input
and (x, y) position (top). Stencil stages communicate through a line
buffer (bottom), a local SRAM that holds a sliding window of the
data produced by the previous stage. The required buffer size is
determined by the size of the stencil consuming it. Here, it must be
large enough to store all values needed for the next iteration of g.

because they only operate on a single point at a time. The second
type needs a window of input to produce a single output pixel. For
example, demosaicing needs multiple adjacent pixels to interpolate
color information. We call these operations stencils, because they
match the well-understood structure of stencil computations.

Pointwise operations do not require buffering, because the input
required (a single pixel) is exactly what is produced by the prior
stage. In contrast, stencil operations require multiple pixels of input
from the previous stage. For example, a stencil operation could
require the pixel at (x, y � 1) when producing the output for (x, y).
However, the input stage would have produced (x, y � 1) W clock
cycles ago, where W is the width of the sensor. To provide this data,
an ISP would buffer W pixels of the input stage’s results on-chip.
Using standard terminology from ISP design, we call this buffer a
line-buffer, because it buffers lines of the input image (Fig. 3).

Each operation in the ISP is a pure function of its input stencil and
the (x, y) position of the pixel it is computing. This means that they
can be pipelined and parallelized to an arbitrary performance target
using standard techniques [Leiserson and Saxe 1991].

Camera ISPs perform an enormous amount of computation on a
large amount of data. (Our camera pipeline performs roughly 1000
arithmetic operations/pixel, or 120 Gigaops/sec. for 1080p/60 video.)
Combined with the fact that ISPs are used in battery-constrained
mobile devices, this means that energy efficiency is crucial.

Stencil operations

Sensor

Image Signal 
Processor 

(ISP)
One pixel per clock

Line Buffer
Image

DRAM

How much buffering is needed in the ISP to implement this stencil operation?
convolve_image_2d	  img(x,y)	  ((I(x-‐2,y-‐2)	  +	  I(x-‐1,y-‐2)	  +	  I(x,	  y-‐2)	  +	  
	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  I(x-‐2,y-‐1)	  +	  I(x-‐1,y-‐1)	  +	  I(x,	  y-‐1))	  +	  
	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  I(x-‐2,y)	  	  	  +	  I(x-‐1,y)	  	  	  +	  I(x,	  y))	  /	  9.0;	  

Conversion to 1D problem (assuming image width W): 
I(x	  +	  c1,	  y	  +	  c2)	  =	  I(x’	  +	  c1	  +	  W*c2)	  

where   x’	  =	  y*W	  +	  x

Figure credit: Hegarty 2014
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