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ABSTRACT to errors in the reconstruction. When multiple images are acquired,

c tational phot hy techni limitati ft our system aligns them automatically to compensate for handshake.
omputational photography techniques overcome imiations of tray, aligned images are then merged in a noise optimal manner us-

ditional Image sensors such as dynamic range and noise. Maﬁ‘% a sensor noise model to create an HDR representation of the

settings, but far less attention has been paid to determining t%ecific information in determining the optimal image stack, a com-
i

parameters of the stack automatically. In this paper, we propo ned approach to HDR imaging and de-noising and a novel warping
a novel computational imaging system that automatically and eﬁiiechnique for images in the Bayer domain

ciently computes the optimal number of shots and corresponding . . S .
Section 2 presents the camera noise model and estimation of its

exposure times and gains, taking into account characteristics of the O - . ; : .
scene and sensor. Our technique seamlessly integrates the useogfa_meters. The optlmlzatlon_crl_terlon apd algorithm is _desc_:rlbed in
multiple capture for both High Dynamic Range (HDR) imaging Section 3, followed by a description of alignment of multiple images

and denoising. The acquired images are then aligned, warped af‘f&i compensate for handshe}ke in Section 4 We djscuss reconstruc-
merged in the raw Bayer domain according to a statistical nois#©n Of the scene from multiple exposures in Section 5 and present
model of the sensor to produce an optimal, potentially HDR and delMages of real world scenes obtained using a prototype of our pro-
noised image. The result is a fully automatic camera that constanth©S€d system in Section 6. We conclude this paper in Section 7.
monitors the scene in front of it and decides how many images are

required to capture it, without requiring the user to explicitly switch

between different capture modalities. 2. NOISE MODEL AND ESTIMATION

Index Terms— HDR, denoising, SNR, mobile imaging. ) o )
Camera Noise Modei Digital camera sensors suffer from different

noise sources such as dark current, photon shot noise, readseit no
and noise from analog to digital conversion (ADC) [6]. The noise

model that we use is identical to the noise model proposed in [6],
Quith the inclusion of 1ISO gain applied to the sensor similar to [5].

"Pet 1; denote the number of electrons generated at a pixe} site

1. INTRODUCTION

Digital cameras acquire images of the natural world that often d
not do justice to capturing the scene due to limitations of the came

acquisition system. For example, dynamic range of natural SCENGRe sensor per unittime, which is proportional to the incident spectral

often excee_ds the dynam_lc range of the image sensor resultln_g lﬂadiance, resulting id;t electrons generated over an exposure time
loss of detail and camera images often suffer from significant NOISE. \ve model the pixel value as a normal random variable

Many computational imaging techniques in the literature attempt to
compensate for these drawbacks by capturing and merging image
stacks for High Dynamic Range (HDR) Imaging [1, 2]. Recently  X; = (S; + R)ag + @, S;j ~ N(I;t + poc, It + pioc)
_several papers attempt to address optimal ways of acquiring these  p N(ur, U%), Q ~ N(uo, aé) 1)
image stacks. Several methods determine the number and parame-
ters of the optimal image stack based on estimates of the scene dy-
namic range [3, 4]. Other methods assume that the scene dynamic Here, N (u, o%) represents the normal distribution with mean
range are known and set up an optimization criterion based on SN&nd variances>. S; is a random variable denoting the number of
and/or capture time [5, 2]. These methods do not specify how thelectrons collected at pixel site which is typically modeled using
scene dynamic range can be estimated and do not consider the scenoisson distribution whose mean is determined by the number of
histogram in the optimization framework. electrons generated and the dark currest [6]. We approximate

In this paper, we present a novel computational imaging systerthe Poisson distribution using a normal distribution, which is reason-
that captures the optimal image stack to represent the full dynamiable for a large number of electrons [2]. We do not model the depen-
range of the scene and reduce noise. Our system determines balénce of dark current on exposure time and temperature and assume
the number of images that need to be acquired, and the corresporaleonstant value estimated using typical exposure times for outdoor
ing exposure time and ISO gains, for optimum representation of thphotography.R denotes the readout noise adienotes noise from
scene in terms of both dynamic range and noise. The number of imADC, both of which are modeled as Gaussian random varialgles.
ages acquired can be one based on the scene, which is sufficientdanotes the ISO gain applied to the sensor amtenotes the com-
many day-to-day situations. This case, corresponding to a tradition&lined gain of the camera circuitry and the analog amplifier in units
camera, does not suffer from many of the pitfalls of computationabf digital number per electron. We do not model pixel response non-
imaging such as capture/processing latency or visual distortions dusiformity in the sensor. Square of the signal to noise ratio (SNR) is



then defined as: is used to determin&max, gmax), Which is determined as the expo-
(Itag)? sure level where approximateRnma=99% of the pixels in the image
SNR(I;,t,9)° = T (2)  are bright and larger thaQmax = 0.2 * fimax.
(Ijt + poc + 0f)a’g® + o Estimation of scene histogram We estimate the histogram of
I with two raw imagesz™" and =™ captured using parameters
(tmin, gmin) and (tmax, gmax). Note thatz™" and z™ are two dif-
ferent estimates of obtained using different exposures and can be

Parameter Estimation. We capture a number of raw (Bayer do-
main) dark framed (k) by covering the lens of the camera and us-

ing all the different ISO gaing(k) permitted by the image sensor. 8§ed to generate an estimate/pfvhose histogram can then be cal-

We set the exposure time to 1/30 sec, which is in the upper ranges lated. H th t be alianed due to th
typical exposure times used in outdoor photography. We then co -ulated. However, these exposures may not be aligned due 1o the
andheld camera and alignment is a computationally expensive op-

A . 2 .
pute the sample megin, (k) and variancé, (k) of each of the dark eration. We hence estimafeusingz™" and ™ separately and

frames. Setting = 0 for dark frames, we have: . i . 3 . .
combine the resulting histograms.can be estimated from™" as

ip (k) = (foc + ar)ag(k) + i (©)] I; = (" — fig — gminfio) / tmingmin. We generate the histogram of

2 _ s L2\ A2 2 | A2 I by averaging the two histograms within overlapping regions and

p(k) = (jioc + or)a"g(k)" + ¢ @) using the histogram of the available exposure in non-overlapping re-

We treat Eq. (3) as a linear function gfk) with two unknown  gions. We computed the histografy (1) using L = 256 bins in

variables,jio = (fioc + fir)é& andjig, which we estimate using the rang€1l/&tmaxgmax, max/ Gtmingmin], With (1) denoting the left
least squares (LS) estimation. Similarly, we estimate the unknowgndpoints of the bins. We also experimented with computing the his-
parameterssg = (fioc + 6%)a> andé?, in Eq. (4) using LS es- togram on a logarithmic scale in this range and obtained very similar
timation. To estimatey, we display flat field images at different final results. The histogram generated usifiy' and="* may not
brightness levels on an LCD monitor and image this with the cambe accurate for scenes whose dynamic range exceeds twice the us-
era sensor using different exposure times and ISO gains under da#kle dynamic range of the sensor.
ambient conditions. While neutral density filters placed in a uniform  Optimization Criterion : Using the estimated scene histogram,
light source box or uniform reflectance cards may provide more acwe perform a joint optimization for the number of shots and the ex-
curate calibration [6], we found that reasonable calibration accuracposure values of each shot using:
can be achieved using our simple method. E¢k) represent a flat

N L
field raw image acquired using an illumination levék), exposure 2
time¢(k) and ISO gairy (k). aArG MaAXy (11,g1,....t 5 95) ; ; Hi(1)SNRII(1), tr, gk]
fir (k) = [fioc + ir + I(k)t(k)]ag(k) + fiq subject to > Hi(l)> B Hi(l)
6% (k) = [ar (k) — g(k)fo — iglag(k) + g(k)*65 + 6% R SNR(D), 9312 >107/10 ’

We used 4 different exposure times, 4 ISO gains and 5 illuminatioi¥Ve express the SNR of a merged shot as the sum of individual SNR'’s
levels to acquire a set of images for calibratighs (k) andé% (k) [5]. Further, we require that more than a fractign= 0.9 of pixels
were estimated using the sample mean and variand&(kf in a  be above a threshold & = 20 dB in SNR. Due to difficulty in
central region of the frame that suffered from less thé&h of vi- solving this optimization analytically, we use an iterative method and
gnetting distortion. Using previously estimated valuegiof ¢, initialize the number of shots to 1 and the corresponding parameters
64 andé, we used a LS fitting procedure to estimateWe also 10 (t1 = tmax, g1 = gmax). We then do a coarse search about the total
determine the digital value at which the sensor saturates, denot@kposure value by multiplying it with factors of (1/8,1/4,1/2,2,4,8)
using S, during calibration. We estimate SNIB, ¢,¢)? in Eq. (2)  to determine the value that maximizes the objective function. We

from the pixel value at sit¢ denoted as:; using: then perform a fine search around this maximum value by repeatedly
X o multiplying with 2°-25 until a local maximum is determined. If the
QIR(T. 2 _ [z; — fiq — gi] constraint is not satisfied, we add another shot to the optimization
SNR(;,t,9)" = - - - SRy . \ .
ag(z; — Qg — gfio) + 965 + 65 and repeat this procedure until the maximum allowable number of
shots. We allowed a maximum of 3 shots in our experiments to keep
3. CAPTURE OPTIMIZATION latency reasonable. The initial conditions were chosen t@pe=

tmax, g1 = gmax) fOI’ N = 1, addlng(tQ = tmin,92 = gmin) fOf
Estimation of scene dynamic range We first determine the dy- NV = 2 and adding(ts = v/iminfmax, 93 = \/gmingmax) for N = 3.
namic range of the scene using a procedure similar to [4]. We continlVe perform the optimization for the total exposure level, which is
uously stream images from the sensor to determine a short exposufe product of exposure time and ISO gain. We assume a maximum
(tmin, gmin) @nd @ long exposuréimax, gmax) that determine the dy- €xposure time of 60ms to avoid motion blur, beyond which the ISO
namic range of the scene. We compute the histogram of each ima§&in is increased.
streaming from the sensor in the rar{ehmay that depends on the
bit depth of the sensor. We defiti&nin, gmin) as the exposure level 4. IMAGE ALIGNMENT AND WARPING
where approximatelyPnin = 95% of the pixels are not saturated
and fall belowQmin = S/hmax. To determine(tmin, gmin), We set  The raw images that are acquired using the parameters estimated in
an initial exposure oftini =30msgini = 1) and determine th&min- the optimization stage described in Section 3 need to be aligned to
percentile value denoted agin. If amin ¢ [(Pmin—0.5)/100, (Pmin+ account for handshake. We use a robust, multi-resolution, gradient-
0.5)/100], we change the total exposure, which is the product of théased registration algorithm based on a modification of [7] that uses
exposure time and 1SO gain, by a fac®rin/ (100 * amin) for the  a pure 3D camera rotation model, which has proven accurate to com-
next iteration. We continue this procedure for a fixed number of iterpensate for camera shake. For alignment, we use a version of the
ations or until the convergence criterion is met. A similar proceduregreen channel where the missing samples in the Bayer pattern are
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Fig. 1: Warping G channel in Bayer pattern using a grid rotated 45 ] ) ] )
deg: IIR filter scanning (left); neighbor selection in the original im- Fig. 2: Histograms of images obtained using the long and short ex-

age (middle) to interpolate a given pixel in the warped image (right)Posure (left) and the SNR of the merged shot superimposed on the
estimated scene histogram (right). These plots correspond to the im-

ages in Fig. 3.

linearly interpolated. Intensity conservation is achieved by normal-
izing the linear raw intensities by the exposure time and gain. A ] ) ) )
robust M-estimator is used to minimize the impact of outliers due tgreating color artifacts in sensors where the different color chan-
independently moving objects and local illumination changes. nels satur_ate at different _Ievels. We_also ensure that the darkest
Once the alignment has been estimated, the images are warp@gPosure is always used in the merging to handle the corner case
to a common frame of reference. We use backwards interpolatioyyhere all exposures are saturated. The valueSli in the range
directly on the raw images arranged in a Bayer pattern to avoid d0, hmax/amin.{g(k)t(k)}] and we convert the HDR image to 16-
mosaicing the input images which is computationally expensive andit unsigned integer format by linearly re-scalih¢p this range. We
since we merge in the raw domain. We use shifted linear interpothen process the HDR image using an HDR camera pipeline consist-
lation [8], which provides similar or superior quality to bicubic in- ing of demosaicing, white balancing and color correction, tonemap-
terpolation at reduced cost. Shifted linear interpolation starts preping, followed by SRGB gamma transformation. We use a global
processing the image with a separable IIR filter (or its equivalentonemapping method for reasons of computational efficiency and
in 2D) that requires a regular sampling grid. Red (R) and blue(Buse a sigmoid function to generate the tone curve.ll{g!) denote
channels can be directly processed ignoring the missing samples the luminance of . The tonemapped imag# is then obtained via
the Bayer pattern. For the green (G) channel we use a scanning strdf-= I L(H)/L(I) where
egy that is rotated by 45 deg to obtain a regular sampling grid, as is , ,
ilustrated in Fig. 1 (left). We then apply bilinear interpolation with ;) _ 1 (H) = Lj(H) — Lyin(H)
shifted displacements, which can be directly applied to the RandB 1+ be—ski()’ ™ Liax(H) — L' (H)
channels. For the G channel, we again use the grid that is rotated

b .
45 deg to select the nearest neighbors needed for the interpolation Iglgre,Lﬁmn(H) corresponds to a luminance of 1 ahfia.(H) cor-
shown in Fig. 1 (middle and right). responds to a luminance 8f° — 1. Values beyond the 5- and 95-

percentile values of the histogram Bfdetermined by combining all

the color channels are clipped and the remaining values are linearly
expanded to the range [0,1]. Finally, the SRGB gamma transfor-
mation is applied to generate 8-bit images that can be displayed on
standard monitors.

5. SCENE RECONSTRUCTION AND PROCESSING

Let {z(k),k < N} denote the aligned images with exposure pa-
rameters([t(k), g(k)], kK < N}. z(k) corresponds to samples from
a Gaussian distribution with mean and variance given by:

6. RESULTS
wi(k) = ag(k)(L;t(k) + poc + pr) + 1o 5) We imol o 4 svt el ATOM-based
a2 2 2, 2 2 e implemented our proposed system on an Inte -base

o (k)" = a”g(k)"(Ljt(k) + pioc + o) + 0 ®)  smartphone running the Android Gingerbread OS with an Aptina
Poisson shot noise and dark noise introduce a dependence gYTOE013 8MP, 1/3.2_-|nch CMOS Image sensor. The followmg ]
tween the mean and variance of the Gaussian distribution in the noi@@rameters were estimated for the noise model for this sensor:

L _ _ 2 2 -
model, which makes it difficult to obtain a closed form solution to the@=0-146, 110=-0.040, 119=41.337,03=0.133 ando,=7.080. The

maximum likelihood (ML) estimate of based on:(k). Although mi_tial_stages of dyn_amic range and histogram estimation gnd opti-

iterative procedures can be used for this estimation [2], we simplxznlzatlon described in Section 3 were performed by streaming VGA
estimates; (k)? using the pixel value to reduce computational cost: 640x480) frames from the sensor to Improve speed. The raw image
captures were then performed using full image sensor resolution and

65(k)? = ag(k)[z; (k) — g(k) o — pg] + g(k)*65 + &é the resulting images were aligned and merged.

Fig. 3 shows a case where two raw images were captured and

Consideringu; (k) as a function ofl;, it is then easy to show merged to produce an HDR image. Fig. 2 shows the histograms ac-
that the maximum likelihood (ML) estimate of the HDR scdnis: quired using the long and short exposures determined during scene
N dynamic range estimation and the estimated scene histogram. Fig. 2

P S [z (k) — g(k) o — figlag(k)t(k)/6;(k)? shows that the optimal exposure levels determined by our algorithm
7 SN a%g(k)2t(k)2 /65 (k)? are able to capture the scene histogram. Fig. 3 shows 8-bit images

- obtained by processing the individual images through a regular cam-

To avoid saturated pixels while merging, we use the value aera pipeline (demosaicing, white balancing, color correction, SRGB
which the sensor saturates and set the weight to 0 for all four pixgamma conversion) and the merged image processed using our HDR

els in the Bayer 4-pack if any of them are saturated. This avoidsamera pipeline. Since we perform the merging in the raw domain

@)



Fig. 3: HDR Imaging: Two images captured using parameters of (0.00Rsaaq (0.042sec,1) (left) and the merged image (right).

7. CONCLUSIONS AND FUTURE WORK

We presented a computational imaging system that performs HDR
imaging and de-noising under low light conditions. Our system au-
tomatically determines when multi-image acquisition and process-
ing are necessary using an SNR-based optimization criterion. SNR
is computed using a probabilistic model of the image sensor noise,
whose parameters are estimated once offline. We demonstrated HDR
and de-noising results obtained using a prototype implementation on
a phone. In the future, we would like to conduct a more extensive
evaluation of our system against other HDR/de-noising methods and

tackle the problem of de-ghosting when independently moving ob-
Fig. 4. De-noising: One of three input images captured using pajects are present in the scene.

rameters of (0.06sec,8) (left) and the merged result (right).

(1]

and create an HDR image, we can generate new representations of
the scene for interaction and editing (cropping to region of inter
est, zooming, etc), which is particularly advantageous as mobile im-
ages are often transported to systems with varying screen sizes and
computational power. Future image signal processors (ISP) shou[d]
provide increased bit depth and facilitate accessing/merging of mul-
tiple raw images to accelerate such applications on a mobile device.
Under low light conditions, our system captures multiple images t ]
meet the required SNR criteria and effectively de-noises the merg
image. If the lowest and highest exposure levels differ by a factor
less than 2, we disable the tonemapping algorithm since in this cadel
only de-noising is performed. Fig. 4 shows one of the input images
(left) and the result of merging three images (right) under low light. [6]

Our current implementation uses the ATOM CPU and does not
use the Image Signal Processor (ISP), which can considerablg spe
up the method. We provide rough estimates of the processing tim .]
Scene dynamic range estimation=3 sec, Scene histogram estima-
tion=3 ms, optimization=5ms, alignment and warping=5 sec/image
and merging=3 sec/image. Time required for scene dynamic randé]
estimation is primarily limited by the number of frames used for me-
tering. The speed of execution can be improved using flexible cam-
era architectures such as FCam [9].The HDR camera pipeline is al9[g]
implemented in software and we use a simple adaptive demosaicing
available as part of the Intel Performance Primitives (IPP) library.
We found that de-noising results can be sensitive to the choice of de-
mosaicing function, as more advanced demosaicing algorithms that
attempt to preserve color edges also tend to preserve noise.
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