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Camera technology has been advancing, but low-light Poisson 
noise is a fundamental problem that still persists. This is 
exacerbated by the small sensors of the near-ubiquitous cellphone 
cameras. Current denoising techniques are often focused on 
Gaussian noise, require multiple images of the same scene, or may 
simply be too computationally expensive for the capture process. 
We attempt to solve this via a linear regression approach, which can 
be implemented efficiently with convolution.

Introduction Models Results

Learning Approach

We start with images from the Berkeley Segmentation Data Set, 
and process them to simulate low-light photographs. The 
processing is done using the Image Systems Engineering 
Toolbox to convert from RGB to number of photons, adjusting 
the color temperature to match natural light, 
scaling down the photon count, and adding 
Poisson noise before converting back to RGB. 
We use 96 images to train,and 57 to test.

Dataset

We use a 13×13 pixel region, from which we generate the 
features, which are the pixel values themselves, and the 
horizontal and vertical differences between adjacent pixels, for 
each of the three RGB channels. That gives (13×13 + 13×12 + 
12×13) × 3 = 1443 total features.

Features

In the first model, we use linear regression on the 13×13 region 
to predict the values of the center pixel (which is three RGB 
values). For a given 13×13 region, if we let x(i) be the features 
for the region, and y(i) be the true value of the center pixel, then 
we learn the value of θ using batch gradient descent on the cost 
function:

1×1 Linear Regression

J(✓) =
1

m

mX

i=1

���
���✓Tx(i) � y

(i)
���
���
2

2

y

(i) 2 R3
, x

(i) 2 R1443
, ✓ 2 R3⇥1443

The second model is similar to the first except that it tries to 
predict the center 3×3, for a total of 27 RGB values. The cost 
function is unchanged except for the dimension of the 
variables:

3×3 Linear Regression
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We adapt a commonly used CNN to incorporate Poisson noise 
on our dataset as a machine learning baseline. We also use 
averaging, and a bilateral filter (edge-aware averaging) to 
compare to more traditional denoising methods.

Baselines

PSNR VSNR
Linear 3x3 44.71739881 0.023562304
Linear 1x1 44.07567474 0.021755898

CNN 43.39981386 0.016494334
Bilateral 43.0095528 0.014149648
Smooth 41.83301976 0.009381497
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Figure 2. A sample set of images from the test set. The first col-
umn is the input noisy image, the second this image artificially
brightened for easier viewing, and the third column is the bright-
ened denoised output for the 3⇥ 3 linear regression.

Table 1.
Training Test

Linear 3⇥ 3 1.32⇥10

�3
3.1⇥10

�3

Linear 1⇥ 1 1.64⇥10

�3
3.3⇥10

�3

CNN⇤
0.621 1.032

⇤
Different error metric from the others, which are MSE

color channel’s filter does depend on information from the
other two colors. This suggests that training for one RGB
pixel instead of each color channel separately does improve
denoising.

The output image is generated in non-overlapping 1⇥ 1 or
3⇥ 3 patches using the learned ✓.

5. Results

We ran the linear regression described in section 4 for both
the 1⇥ 1 and 3⇥ 3 cases. The training errors for these, as
well as for a commonly used CNN denoising model (?) can
be found in Table 1. The errors for our models are com-
puted according to Equation 1. The CNN was re-trained
on our dataset to account for Poisson instead of Gaussian
noise, as well as more directly compare the algorithms
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Figure 3. The various methods trade off between spatial and chro-
matic blur, residual chromatic noise, and residual noise in inten-
sity. Our 3 ⇥ 3 method achieves comparable chromatic blur to
the CNN with smaller spatial blur. The more standard smooth-
ing and bilateral approaches have less noise in the intensities, but
have residual chromatic noise.

We include comparisons of PSNR and VSNR (a perceptually 
accurate measure). These are more relevant than the training and 
test errors (also included), which are on small patches. We also 
include patches from a selected image for qualitative comparison.

N
oi

se
-fr

ee
N

oi
sy

Li
ne

ar
 3

x3
Li

ne
ar

 1
x1

C
N

N
B

ila
te

ra
l

A
ve

ra
gi

ng

Patch A Patch B Patch C

A

B

C

Discussion
Our regression does surprisingly well in maintaining edges and 
reducing noise. The edge awareness, based on the values we see 
for the learned θ parameter, is due to the use of horizontal and 
vertical differences. We note that it performs better than the CNN, 
but this is likely due to a smaller training dataset, which more 
negatively affects the CNN than our approach. The qualitative 
analysis shows that the ML-based approaches removed chromatic 
noise, while keeping noise in the intensity, opposite the traditional 
approached.

Future Work
First approaches would include adding perceptually and physically 
linear features such as pixel values and differences in the Lab and 
XYZ color spaces. There is also a lot of optimization that can be 
done on the input and target patch sizes as well, which may require 
a larger dataset.

It would also be informative to compare this against state-of-the-
art, but computationally expensive, denoising techniques such as 
BM3D, and with the CNN on a larger training set.
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