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Abstract

High dynamic range (HDR) video synthesis is a very challenging task. Consecu-
tive frames are acquired with alternate expositions, generally two or three differ-
ent exposure times. Classical methods aim at registering neighbouring frames
and fuse them using image HDR techniques. However, the registration often
fails to obtain accurate results and the fusion produces ghosting artifacts. Deep
learning techniques have recently appeared imitating the structure of existing
classical methods. The neural network is intended to estimate the registration
function and choose the fusion weights. In this paper, we propose a new method
for HDR video synthesis using a variational model. The proposed model uses
a nonlocal regularization term to combine pixel information from neighbouring
frames. The obtained results are competitive with state-of-the-art. Moreover,
the proposed method gives a more reliable and understandable solution than
deep-learning based ones.
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1. Introduction

The fusion of images of the same scene acquired with different exposure
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permits to enhance the dynamic range of the image. In order to do so, High
Dynamic Range (HDR) imaging methods [Il, 2] need to combine the radiance
values of the pixels.  First, the camera response function (CRF) has to be
estimated, which is generally achieved using the method proposed by Devebec
and Malik [3]. These radiance values are no longer limited by the 8-bit restriction
of general image formats, neither is their combination which permits to merge
dark and bright areas. Once the HDR image is built, an extra step is necessary
to quantize this output into a fixed number of bits fixed by the visualization,

storing device or file format. This last step is known as tonemapping [4 [5].

When the camera is not fixed, e.g hand-held acquisitions, or the objects in
the scene move, a direct per pixel combination creates ghosting artefacts. Thus,
the sequence of images has to be pre-registered or their combination needs to
take into account such a non-static nature [6, [7].

The creation of HDR video is still more challenging than HDR imaging.
Although there exists cameras which can record videos with a dynamic range of
colors, they require specific hardware that has large costs, which reduces its use
[8]. In practice, videos are recorded acquiring frames with alternate exposures
(generally 2 or 3). Later, HDR video is synthesized with an offline algorithm.

Despite the multi-image nature of HDR imaging, its extension to video se-
quences with alternating exposure is not straightforward. Since only two or
three different exposures are available, many regions will appear only under
or over exposed. For video, we need an HDR version of each frame, which
prevents the choice of a middle-exposed image as reference, as it is the case
of single-image HDR. There exist several approaches by either using classic or
deep learning methods [9] [10]. For all, registration is an important step and
their result depends critically on it.

In this paper, we propose a new method for HDR video synthesis by using
a variational method. We use a nonlocal regularization term to combine pixel
information, either from the same or from neighbouring frames. Motion estima-

tion is used to compensate the search areas of neighbouring frames from which
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pixels are combined. The patch distance taking part in the weight computation
reduces the dependence on the estimated motion. It also reduces the ghosting

artefacts.

The use of a variational method allows us to model the HDR video synthesis
in a simple and intuitive manner, without the need of deep neural networks and
large datasets. There is no extensive and time consuming training or need of
retraining whenever the processed data differs from the used for training. More-
over, the results are more reliable and interpretable since the method depends
on a few understandable parameters.

The remaining of the paper is organized as follows: in Section 2] we make a
review of existing HDR video methods. In Section [3| we present the proposed
method. In Section [f] we compare our method with state-of-the-art. Finally, we

state the conclusions and future work in Section [Bl

2. Related work

A common step in all HDR methods is to estimate the radiance of the
sequence by inverting the CRF using Devebec and Malik [3] and dividing by the
exposure time of each frame. This step permits to compare and combine values

from different frames.

There is an extensive literature for HDR imaging, we refer the reader to the
comprehensive reviews [I1] [12]. In the rest of the section, we focus on video

HDR methods. The literature on video HDR imaging is much scarcer.

Due to occlusions, large motion and saturated areas, frame alignment is
very challenging. For that reason, ghosting removal, known as deghosting, is
the main objective of most proposed methods for video HDR. For the majority,
the process applies to a reference frame and makes use of its neighbouring ones.

The same procedure is repeated for all frames of the sequence.

Classical methods. Kang et al. [I3] were the first to propose a HDR

method for video. The reference and neighbouring frames are registered using
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a global transformation and a gradient based optical flow method. The aligned
frames are merged using a weighted average that takes into account exposition
and errors from optical flow. Many posterior methods share the same general

structure but refine the aligning and merging strategies.

Mangiat and Gibson [I4] observed that the use of optical flow methods is
not sufficient to eliminate all ghosting effects. They proposed to use instead
block matching methods for registering neighbouring frames to the reference
one. However, the proposed registration introduces blocking effects that need
to be corrected a posteriori. These are removed with a cross-bilateral filter at
the tonemapped image. In a posterior work [I5], the same authors improved
the a posteriori correction by locally setting the filtering strength depending on
the computed registration function. They increased the filtering magnitude at
large motion vectors, which are more likely to be incorrect. However, the strong
filtering ends removing many details and texture, making the final result look
unnatural. Posterior algorithms try to minimize the dependence on the initial
registration, in order to reduce the blurring by Kang et al. [I3] or blocking
artifacts by [15].

Kalantari et al. [I6] proposed an optimization method based on the previ-
ous HDR imaging work by Sen et al. [I7]. The energy to be optimized uses
a temporal similarity measure to get information from forward and backward
frames. The computed alignment, global and optical flow, is used only to com-
pensate the search areas for the defined similarity measure. Their algorithm
not only creates the HDR version, but the missing exposures for each frame.
The proposed measure forces a temporal similarity between the current frame
and neighbouring ones for all the reconstructed expositions. In particular, it de-
mands for each patch of a reconstructed exposure that a similar patch is found in
the previous and posterior frames. The proposed approach correctly avoids the
creation of blocking effects and has a better texture and detail reconstruction
than previous approaches, but still, it blurs many details. The same approach

was adapted by Gryaditskaya et al. [I8] to be applied to sequences where the
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exposure time is adjusted at each frame in order to reduce motion artifacts.

More recent methods have focused in the improvement of the alignment step

[19, 20]. Li et al. [I9] first separate the foreground and background areas of
the image by a multi-scale regression and rank minimization method. Such a
separation is used to estimate the motion between frames and reconstruct the
HDR. Van Vo and Lee [20] divide the motion estimation step into two phases:
on one hand, they perform optical flow estimation of well-exposed areas in a
descriptor domain. On the other hand, they perform a superpixel-based motion
estimation on poorly exposed areas. This latter estimation uses the optical flow
field of non consecutive frames. That is, the algorithm is only valid for sequences
with two alternating exposures.
Learning methods. There exists an increasing literature in learning based
HDR imaging [7, 211, 22] 23] 24 25] (a wide review can be found on [12]). Niu
et al. [7] propose a GAN network. Yan et al. [2I] uses an attention module
to eliminate the adverse effects of misalignment and saturation. Yan et al. [22]
introduces a non-local module to capture global features from the images. Song
et al. [23] present a transformer-based medthod. Prabhakar et al. [25] propose
a recurrent network.

However, there exist very few learning methods for HDR video. Kalantari
and Ramamoorthi [J] were the first ones to propose a learning-based method
for HDR video synthesis. They first use a convolutional neural network (CNN)
to estimate the optical flow. Afterwards, a second CNN estimates the weights
to combine the warped frames. Anand et al. [26], proposed a modification
of Kalantari et al., which adds a denoising module at the beginning of the
architecture and uses a generative adversarial strategy.

Chen et al. [I0] aim at improving Kalantari et al. [9] results by adding
another module at the end of the proposed architecture. This new network
takes as input the HDR results for 3 consecutive frames and outputs a refined
version of the central one. This is the state of the art in video HDR.

Other neural network methods have been proposed for very related problems
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to HDR video. Kim et al [27] creates a well exposed video from a gradual flash
sequence. A video sequence is recorded with a very high frame rate at the same
time that the flash is being lighted on and off creating a sequence with 4 different
lighting conditions. Cogalan et al [28] shows that video HDR, can be achieved by
a dual-exposure sensor, which acquires each frame with two different exposures

being spatially interleaved in a single image.

HDR Measures There exist several measures to evaluate the performance of
HDR methods. Although the most of them are intended for HDR imaging, they
can be used in HDR video, by sequentially applying them to each frame. The
measures can be classified depending on whether they require a ground truth
or not. Among the ones using a ground truth, the most relevant and widely
used are HDR-VDP-2 [29] and HDR-VQM [30]. The HDR-VDP-2 metric was
proposed by Mantiuk et al. [29] and is intended to compute a visual difference
image of the ground truth and algorithm’s result and calculates a metric that
measures the quality of the result based on this difference. Narawaria et al. [30]
proposed a measure for video HDR assessment. The video quality is computed
based on a spatio-temporal analysis that relates to human eye fixation behavior
during video viewing.

Among the ones not requiring any reference, Tursun et al. [3I] propose a
metric for evaluating ghosting artefacts. It compares the input globally regis-
tered images with the HDR result. Karajuzovic-Hadziabdic et al. [32] propose

a database for ghosting evaluation and uses the UDQM measure.

3. Proposed method

We propose a novel video HDR algorithm under the form of a variational
minimization. We use non-local regularization which is commonly used for
variational methods in noise removal, deblurring, super-resolution [33] [34] [35],
but it is used for the first time in HDR synthesis.

The classical gradient regularization is replaced by a probability distribution

which defines the similarity of each pixel with its neighbouring ones. This
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similarity between two pixels writes as a decreasing function of the distance of
patches centred in them.

A fidelity term demands to preserve radiance values for pixels which are well
exposed. The regularization term permits to propagate the HDR value of these
well exposed pixels to the similar pixels in the same frame and neighbouring
ones.

Since registration and alignment is a very challenging task for HDR videos,
the estimated transform is used only to compensate the search window in which
the probability distribution is defined. The weight similarity depending on patch
distance makes the distribution to be robust to optical flow inaccuracies, choos-
ing the correct pixels in these compensated areas. Thus, additionally reducing
the ghosting artifacts.

The proposed method presents several novelties that distinguish it from pre-

vious works:

e It is the first variational method to use a non local regularization term for

HDR synthesis.

e It jointly synthesizes three consecutive HDR frames, increasing the tem-

poral stability of the method.

e It uses patch distances in order to weight the similarity of pixels mak-
ing the method robust to optical flow errors, thus reducing the ghosting

artefacts.

e [t obtains results comparable to state of the art deep learning methods,

while using a simple and understandable model.

e The regularity term makes the model robust to noise and indeed reduces

it notably.

3.1. Variational formulation

The proposed method takes as input a multi-exposure video sequence {L; |

t =1,...,N}, each frame with exposure e;. In order to compute the HDR
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of a certain frame L; we will use its previous and posterior frames, L; 1 and
Ly respectively. The current approach can be modified to take into account
a temporal neighbourhood of any length.

Let H;, i € {t — 1,¢,t + 1} denote the corresponding radiance frames and
S; the expected HDR frame outputs. Although we will compute the triplet of
HDR images, we will only keep as output the one corresponding with the central
frame S;.

We propose to minimize a variational energy. In a continuous setting, all
the images are defined on Q C R?, usually a rectangle, being x = (21, x2), €

spatial coordinates on the domain of the image. The proposed variational energy

writes as
t+1 3
IS8 S = 303 [ IVuSie0]l: dx
i=t—1c=1"7% 1
t+1 » 3 ( )
+ 30 5 3 [ Eieo) (5i6) - 1)
i1=t—1 c=1

where a; = a(e;) are the tradeoff parameters between the terms of the func-
tional, e; indicates the exposure time of frame ¢ and «(-) is an increasing func-
tion. The index c¢ indicates the color channel, and h(L) is a weighting function

that benefits well-exposed pixels and penalizes under or over-exposed ones,

0 Lglg orLZhg
1-bL=L |, <L<p|

h(L) = ot . (2)
1 L<L<mh

L—h
1— =l by <L <h

The function h(L) discards pixels for which the color value is below a dark
threshold /; or above a bright threshold hs (see Figure |1} left). The radiance of
well exposed pixels (h(L) = 1) will be kept and influence the synthesized HDR,
value of similar ones.

Each fidelity term, associated to a different image of the temporal neighbor-

hood, has a different weight a;; = a(e;). This permits to decrease the importance
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of short exposure frames which have a low signal to noise ratio and quantiza-
tion effects in the dark parts. The fidelity term applies independently for each
channel in order to avoid discarding a particular channel value when the others
are saturated. This is crucial in order to recover the value of saturated parts.
The nonlocal gradient ||V,,S¢(x)||2 is defined for a particular frame ¢ and

pixel x = (21, 22) as

t+1

IVuSix)lla = \//Qwi,j(x,Y)(ISf(X)—Sj(Y)I)sz (3)

j=t—1

being j the index of the neighboring images being involved and y = (y1,y2)-

8.2. Nonlocal weights

For a fixed pixel x belonging to a frame i, the family of weights w;.(x,-)
favours those neighbouring pixels having a similar radiance image neighborhood,
that is, a weight w; ;j(x,y) will be higher when the patches centered at pixels x
in radiance image ¢ and y in radiance image j, respectively, look similar. Also,
the family of weighs takes into account the motion between images and the
saturation of pixel colors.

In order to compute the optical flow between images L; and L;, as in [36], we
first photometrically calibrate the color values of the darker image to look alike
the brighter one and then both are converted to grayscale. This calibration is
carried out by using the method proposed by Martorell et al. [6]. The pro-
posed photometric calibration computes a joint histogram between the globally
registered images using [37] and looks for the color increasing transformation
curve passing near the peaks of that histogram. The flow is then computed with

the optical flow algorithm from Brox et al. [38] with weights v = 0.3 and a = 9.

For a pixel x from frame i, let P be the squared window centered at x and
radius .  We compare P with other patches of the same size located in a
spatial neighbourhood of (2R + 1) x (2R + 1) pixels at frame ¢ and the motion

compensated neighbourhoods in the other two frames.
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For each frame j € {t—1,t,t+ 1}, we compute the set of neighbouring pixels
as

N ={y =x+u;(x)+(s1,52) | —R < s1,50 <R} (4)

being u; ; the estimated flow between frames 7 and j. The corresponding set

of neighbouring patches in frame j is
7 ={Qy centered at y | y € NZ}. (5)

Then, the set of neighbouring pixels and corresponding patches are defined is

t+1 t+1 )
Ne= U M, Ne= | M (6)
j=t—1 j=t—1

We can compute the weight for each pixel y from frame j centered at @, € Np,
named w; j(x,y). This weight is formed by the product of three terms. The

first one is based on the patch color difference between neighbourhoods P and

Qy

Aij(x,y) = exp ( [Hi(P) — Hj(Qy)Ilz) |

ML) "
being k(L;(x)) an adaptive bandwidth, whose objective is to minimize the
importance of patch distance in the overall weight when x belongs to a white
saturated part and thus its radiance is not reliable. Therefore the function
takes large values whenever L;(x) gets close to saturation (see Figure |1} right,
and Equation (T6))).
The second one is based on the distance between the pixel y and the center

of the search area in frame j

B,:(%,y) = exp (_ ||+ w5,5(x) — Y||2) . (8)

0

where 6 is a bandwidth related to the radius R of the search window. We favor
pixels being close the center of the compensated neighborhood, since these are
more likely, to belong to the same object.

Finally, the third one is based on the saturation of pixel y
138

n(y) =3 > h(Liy) (9)

c=1

10
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Figure 1: Plot of the weighting function h(L) in and parameter k(L) in (16]).

with %(L) being the weighting function in (2). The term 7;(y) indicates whether
the pixel y is near dark or bright saturation. Brightly saturated pixels will lead
to incorrect radiance values, while pixels close to dark saturation might be

noisier and more quantized.

Finally, combining the three terms we get

wi (X, ¥) = 7= Xij(x,y) - Bij(x,¥) - n(y) (10)

L
Cp
with Cp being the normalization factor
Cr= > Xij(xy)Bi(xy) 1) (11)
YENK

The weight for all other pixels outside of Ny is set to zero.

3.3. Minimization

We propose to minimize

argst,l%ifsm J(Si—1, ¢, Si41), (12)

where J(S;_1,S¢, S41) is the variational energy shown in Eq. (I)). This energy
is convex but non-smooth. To find a global optimal solution we use the
primal-dual algorithm proposed by Chambolle and Pock [39]. This algorithm
reformulates the minimization into a saddle point problem by introducing a dual
variable q. Then, the saddle optimal point is computed with an iterative scheme

consisting of a descending step with the primal variable, an ascending step in

11
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Ours

Figure 2: HDR results on three consecutive frames of Skateboarder sequence from Kalantari

et al. dataset [16].

x0  the dual variable followed by an overrelaxation. In our model, this leads to the

21 following iterative scheme.
qk—!—l(x y) — (qk + va Sk)i,_j (Xa y)
W max{L (g + o VLS (x, 1)}
Sk (x) + 7(diveg®1)i(x) + Tahi(x) H; (x) (13)
1+ Taihi (X)
SH+1 () = 285+ () — SF (x)

S+ () =

%2 Where qf’, j (x,y) is the value of the dual variable at pixels x and y and frames 4

23 and j in the iteration k. The norm |- |; ;(x,:) is defined for a given variable p

12
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Initial Kalantaril3 Kang Chen Ours

Figure 3: Excerpt of the results shown in Figure@ Kalantaril3 tends to blur moving details
(e.g foot of the girl on the right and trousers of the skater) and has some ghosting artifacts
(e.g left shoulder of the skater). Kang also presents some ghosting artifacts (e.g right shoulder
and left foot of the skater). Chen and our does not have apparent ghosting but Chen result

is noisier.

as

Iplis(,2) = / (pis (%, y))? dy (14)
{y€Qlw;,; (x,y)#0}

and (div,,¢*); is the nonlocal divergence of the dual variables defined as

(diveg*)i(z) =

i (15)
w; (X ko(x — 4/ wiiy,x k. , X

j;l/g\/ 0.0 (% ¥)a5(%,Y) — \Jwia(y, x)q5:(y, x) dy

The parameters 7 and ¢ of the Chambolle-Pock minimization method are set

to 0.2 the default values commonly used.

13
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Figure 4: HDR results on two consecutive frames of Hallway sequence provided by Li et al.

[19].

14



268

269

270

271

272

273

274

275

276

277

278

279

280

281

282

Initial Mangiat
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Figure 5: Excerpt of the results shown in Figure Mangiat removes many details and
Kalantaril3 deforms the roof of the building. Kang and our method have no noticeable

artifacts.

Since the energy can be decoupled per channel, the iterative scheme is ap-
plied separately at each channel. The iterative scheme is repeated a fixed
number of iterations and is early stopped if the difference between consecutive

iterations is smaller than a threshold.

8.4. Parameter setting and implementation details

The use of patch comparison is quite common in both image and video pro-
cessing algorithms. The size of the patch depends on the particular processing
task, the number of color or spectral channels of the image and the transformed
used to combine patch values. Generally, if patches are combined by simple
statistical tools, the patch size is set as small as possible being robust to noise.
Since the processed sequences have three channels and a high signal to noise
ratio, a 3 X 3 patch has shown to be sufficient for comparison. In addition, since
radiance values at saturated zones are not correct, the use of a small window
minimizes the effect that these radiances have when processing spatially close

but non saturated pixels. As a consequence, the radius r of patch P is set to 1.

15
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Algorithm 1 Energy minimization
Input: Input images: L;, ¢ € {t—1,t,t+ 1}

Output: HDR frames {S;—1, St, St+1}
1: H; < radiance(L;), i€ {t—1,t,t+1}

2: w; j(x,y) < nonlocal_weights_computation 1,5 € {t —1,t,t +1},x,y € Q
3: k<« 0

4: while k < K or error < € do

. k+1 (aF+0v,5%); ;(x.y) .
5' q'L,j (Xa Y) — max{l,\(qk-l»avws')g)\i,j(x,:)}’ ZaJ E {t - latat + 1},X,y e Q

Sf x)+7(divy, kt+1 i(X)+Tashi (x)H; (x .
6 SFT(x) = Scbotrldived )ibotrai GO e (¢ — 1,1, 4+ 1},x,y € Q
7. SFT(x) = 28K (x) — SF(x), i€{t—1,t,t+1},x,y€Q

8 error + [|S*tT — SF||,

9: k< k+1

10: end while

Since we use motion compensation, the size R of the spatial neighbourhood
does not need to take into account large displacements. It just needs to take
into account optical flow imprecisions, which are supposed to be at most of two
or three pixels. If the flow fails completely, patch distance is able to discard
such matches, reducing ghosting effects. Therefore, R, the radius of the spatial
neighbourhood, is set to 3. Additionally, we favor pixels being close the center
of the compensated neighborhood, since these are more likely, to belong to
the same object. This is reflected in the weight term f; ;(x,y) in and the

parameter # which has been estimated empirically to 1.

The tradeoff parameters o; = «(e;) balance the weight of the regularity
and fidelity terms. Since short exposures are noisy and quantized in very dark
parts, we privilege long exposures, setting «(-) to be an increasing function. In
practice, the sequences used in the experimentation section have exposure times
in {273,272,1,22,23}. We have experimentally set the corresponding o values

to {7,8,10, 12,13}, espectively.

The function h(L) is designed to avoid the use of saturated values in both the

regularization and fidelity terms. We set lo = 5 as the dark saturation value and

16
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ho = 246 as the bright one. Since most sequences were originally compressed,
values between 0 and 10 are highly quantified and have a poor signal to noise
ratio and artifacts. Taking a lo = 5 is a good compromise to avoid enhancing
artifacts. The hy is the white saturation value we observed for all the examples
used in the experimentation section. As displayed in Figure [l in order to avoid
a drastic zero to one change, the values [; = 20 and h; = 240 permit a smoother

change. These values are not critical for the performance of the method.

The function k(L;(x)) sets the kernel bandwidth in an adaptive manner,
depending on the exposure of the reference point: pixels that are saturated
provide a wrong radiance value, hence, we cannot rely on patch distances when
computing weights w; .(x, ). In such a case, setting a high value of k we diminish
the importance of patch distance in the overall weight computation. We define a
continuous variation between over-exposed and well-exposed pixels for defining

k(L)

5 L<h
R(L) = 0+ £ (600 —8) hy <L <hy- (16)
Ooo L > ho

We experimentally set § = 0.1, while d, is set to any large enough value, so

any weight A, ;(x,y) equals one.

For image regions saturated in all exposures, the value of the normalization
term Cp will be very small or even zero, and thus the weight distribution will
not be reliable. In such cases, being Cp too small, if L;(x) is over hy, we set
to 1 all weights from the image with lowest exposure time and renormalize the
weight distribution. In the case L;(x) is below la, the same procedure is applied

to the weights of the image with highest exposure.

4. Results

In this section we present the results of the proposed model for HDR video

synthesis, as well as a comparison with state-of-the-art methods. We compare

17
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qualitatively and numerically the proposed method with sequences from the
datasets provided by Kalantari et al. [I6] and Chen et al. [I0].

On one hand, we evaluate our method on sequences Waving Hands, Skate-
boarder, Dog and Ninja from the dataset provided by Kalantari et al. [I6].
Unfortunately for this dataset, there is no true HDR image that can be used as
reference to compare with. We compare them with the precomputed results by
Mangiat et al. [I4], Kalantari et al. [16] (Kalantaril3), Kang et al. [13], Kalan-
tari et al. [9] (Kalantaril9) and Chen et al. [I0]. The results of the firsts three
methods were available at Kalantari’s website E|; and the last two where kindly
provided by Chen et al. [I0]. Since, not all methods published their result for
each sequence, we display in each case the available ones. The tonemap in our
experiments is performed by using the tonemapping algorithm from Reinhard
et al. [40].

On the other hand, we compare our method with the sequences with 2
exposures from the dataset by Chen et al. [10]. In this case, we compare with

Kalantari et al. [16], Chen et al. [I0] and the provided ground truth.

4.1. Numerical comparison

Table [1] displays the quantitive results in terms of the UDQM measure [31].
The UDQM is an objective metric that takes into account the most common
deghosting artefacts that appear in the output of widely used algorithms and
does not require any reference ground truth. The evaluations have been per-
formed on the sequences for which do not dispose of a reference: Dog, Skate-
boarder, Hands and Ninja. It has been evaluated for one particular frame for
each exposure. We have highlighted for each sequence the method giving the
best score. Our method gives the highest score in most sequences which is in

accordance with the visual quality analysis performed below.

Table [2] shows the PSNR~z computed on tonemapped images for the first
four sequences of the dataset provided by Chen et al. [10] with two different

2https://web.ece.ucsb.edu/~psen/PaperPages/HDRVideo/
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Sequence Dog Skateboarder Hands Ninja

Exposure low | mid | high | low | mid | high | low | high | low | high
Kalantaril3 | 0.36 | 0.36 | 0.36 | 0.34 | 0.33 | 0.34 | 0.33 | 0.34 | 0.36 | 0.36
Kang 0.36 | 036 | 0.36 | 0.34 | 0.34 | 0.34 | 0.33 | 0.34
Chen 0.40 | 0.39 | 0.38 | 0.35 | 0.37 | 0.35 | 0.42 | 0.42 | 0.36 | 0.40
Kalantaril9 | 0.37 | 0.37 | 0.37 0.36 | 0.36
Mangiat 0.40 | 0.40
Ginger 0.33 | 0.34
Ours 0.38 | 0.37 | 0.38 | 0.37 | 0.38 | 0.37 | 0.42 | 0.42 | 0.39 | 0.41

Table 1: Evaluation of the results using the UDQM metric [31]. Higher values of this index
represents less ghosting artefacts. The highest values are highlighted in bold. The empty
cells come from not having the result of that method in that sequence. The methods giving
the lowest values are Kalantaril3 and Kang. Our method gives the highest score in most

sequences. These values are supported by the visual analysis on the HDR results.

exposures (one of these sequences is displayed in Figure[I1). As in [10] and [9],
we apply the following transformation to the images

- log(1 + pS;)
t log(1+p)

) (17)
with p = 5000 to compare them.

Chen et al. algorithm, being the state of the art on HDR video, is a complex
and computationally demanding neural network. It applies an initial network
in which a first HDR result is obtained by combining three consecutive frames.
Afterwards, a second net combines three consecutive first HDR in order to obtain
the final result. As a consequence, five frames are used in order to compute the
HDR of a particular frame. In our case, we use only three frames and a single
pass algorithm.

We also compare with Kalantari et al. [I6], which is the closest algorithm to
ours, since it uses a patch similarity measure and minimizes an energy containing
this similarity and a fidelity term for well exposed pixels. We perform better
than both methods on low exposure frames and we perform similarly to Chen

on high exposure ones. On average, Chen and the proposed method obtain a

similar PSNR, while Kalantaril3 has a poorer performance.
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4.2. Visual comparison

Figure [2| shows the results on three consecutive frames of sequence Skate-
boarder, each of them taking as reference a frame with a different exposure time.
Figure[3]displays an excerpt on the results of the previous figure. It is noticeable
that Kang’s result has ghosting artifacts on the left feet and right shoulder of
the skater and on the right feet of the girl. Kalantaril3 result looks blurry on
the trousers of the skater and it has ghosting artifacts in its left shoulder. On
the second crop, it blurs the right foot of the right side girl. Chen and our does
not have apparent ghosting but Chen result seems noisier than ours.

Figure [4] shows the results on two consecutive frames of sequence Hallway
provided by Li et al. [I9]. Figure [5| displays an excerpt on the results of the
previous figure. Mangiat excessively filters the details of the image. Kalantaril3,
because of a bad registration, deforms the roof of the building. Kang and our

method do not have apparent ghosting or excessive filtering.

Figure [6] shows the results on two consecutive frames of sequence Waving
hands. Kang and Magiat results present ghosting artifacts and Kalantaril3

result looks blurry.

Figure [7] shows results on two frames of Dog sequence. Figure [§ displays an
excerpt of it, centered at the head of the dog. Kang and Kalantaril9 results
have ghosting artifacts near the nose and mouth of the dog and the Kalantaril3

result looks blurry.

Figure [0] shows the results on the Ninja sequence. Taking a closer look on
the excerpt on Figure[I0] we can see that Kalantaril3 and Kalantaril9 produce

blurry results and Chen result looks noisier than ours.

Finally, Figures and display the results with Sequence 1 and 4 from
Chen et al. dataset [10]. Kalantaril3 presents several ghosting artefacts, while
at a first look Chen and our method perform similarly better. For Figure [IT]
a close look into the shirt, reveals that Chen over-smooths the texture and has
a ghosting artifact on the left side. For Figure a close look into the object

being hold, reveals that Chen over-smooths the vertical detail.
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Sequence 0 1 2 3 mean

Exposure high low high low high low high low
Kalantaril3 | 27.17 | 28.59 | 28.50 | 29.39 | 31.00 | 30.36 | 29.23 | 30.35 | 29.32
Chen 49.86 | 43.78 | 50.14 | 43.99 | 48.87 | 44.55 | 49.79 | 45.55 | 47.07
Ours 48.08 | 44.51 | 49.53 | 44.97 | 48.46 | 45.23 | 49.37 | 45.91 | 47.01

Table 2: Numerical comparison on two exposure sequences from the dataset of Chen et al. [10].
We display the PSNR~p metric for particular low and high exposure frames. Each sequence
number corresponds to the index on the dataset. = One of these sequences is displayed in
Figure We compare with Kalantari et al. [I6] and Chen et al. [I0]. Our algorithm gives
the highest PSNR for low exposure frames and performs similarly to Chen on high exposure
ones. On average, Chen and the proposed method obtain identical PSNR, while Kalantaril3

has a poorer performance.

4.3. Computational complexity

We run our method in a computer with a processor 2.8GHz Intel Core i7-
1165G7. With the images from the Kalantari dataset [16] having 1280x720
pixels, our method takes 150 seconds. This time corresponds to all the steps
of the proposed algorithm, including optical flow. With the same image, [16]

being the closest method to ours, takes 400 seconds.

According to the work by Chen et al. [10], the application of their convolu-
tional network takes 0.51 s. However, the network runs on a GPU and requires
an extensive and computationally intensive training, while our method runs on
a CPU and does not require a training stage. Therefore, the computational

times are not comparable.

5. Conclusions

We have presented a new variational model for HDR video synthesis. It
writes as an energy minimization using nonlocal regularization across the neigh-
bouring frames and a fidelity term for well exposed pixels. The proposed method
obtains competitive results compared with state-of-the-art deep learning tech-

niques Kalantari et al. [9] and Chen et al. [I0]. Compared to these methods,
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our approach depends on a few understandable parameters, making the results
more reliable and interpretable.

As a future work, we plan to study the incorporation of unrolling methods
[411, 42}, [43]. These hybrid methods combine energy minimization strategies and
deep learning techniques. The advantages of replacing the proximal operator
with a neural network include gains in representation power and direct learning
of algorithm parameters from real data.

Constraining the network structure to particular mathematical expressions
reduces its complexity, improves its generalization capabilities and increases the

interpretability.
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Mangiat and Gibson 2018
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Ningiat and Gibson 2010

Mangiat Chen Ours

Figure 6: HDR results on two consecutive frames of Waving hands sequence from Kalantari
et al. dataset [I6]. Kang and Mangiat results present ghosting artifacts, Kalantaril3 results

look blurry and Chen and our method obtain pleasant results without noticable artifacts.
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Figure 7: HDR results on two consecutive frames of Dog sequence from Kalantari et al.
dataset [16]. Kalantaril3, Kang and Kalantaril9 have problems at registering the head of the
dog. Chen and our method both produce high quality results (see details on Figure.
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Kalantaril9 Chen Ours

Figure 8: Excerpt of the results shown in Figure m Kalantaril3, Kang and Kalantaril9

present ghosting artifacts.
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Figure 9: HDR results on two consecutive frames of Ninja sequence from Kalantari et al.

dataset [16].
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Figure 10: Excerpt of the results shown in Figure@ The result from Kalantaril3 looks blurry

and results from Kalantaril9 and Chen look noisier than ours.
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Figure 11:  Full frame and excerpt of the input frame and HDR results on sequence 1 of
Chen et al’s dataset. Kalantaril3 presents several ghosting artefacts, while at a first look
Chen and our method perform similarly bette¥3 A close look into the shirt, reveals that Chen
over-smooths the texture and has a ghosting artifact on the left side when centred at the

shorter exposure.



Input frame

Kalantaril3 Chen Ours

Input frame

34
Kalantaril3 Chen Ours

Figure 12:  Full frame and excerpt of the input frame and HDR results on sequence 4 of Chen
et al’s dataset. Kalantaril3 presents several ghosting artefacts, while at a first look Chen and
our method perform similarly better. A close look into the object being hold, reveals that

Chen over-smooths the vertical detail and has a slight ghosting artifact on the finger.
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