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ABSTRACT
We present a super-resolution (SR) color freeze frame of
small moving objects in video sequences. In the last two
decades, all SR methods except one focus on the case of rigid
scene. We propose a fast and robust method that performs
SR reconstruction on tracked objects. After an affine regis-
tration of the regions of interest of objects, a non-uniform
interpolation in a high-resolution grid is performed, then, a
restoration. Experiments on real data validate our choices,
and confirm the robustness and the rapidity of our method.

1. INTRODUCTION
Super-resolution (SR) aims at improving the quality of an im-
age by exploiting variations between images due to relative
scene/sensor motion. SR is interesting in applications where
the nominal image resolution is relatively low with respect to
the expected use, such as medical imaging, video sequences
processing in video surveillance or aerial observation using
low-cost sensors.

In this paper, we deal with video sequences, possibly in-
terlaced, from wide-field cameras like those used for video
surveillance. We present a fast SR color freeze frame of
small moving objects in mobile or still camera in applica-
tions such as automatic annotation of tracked objects. Our
contribution is three-fold. First, we tackle the case of mov-
ing objects in SR. This case has previously been considered
only once in [1], whereas most of the literature focuses on
the case of rigid scene and moving camera [2]. Second, our
method is tailored for fast processing and we are able to com-
pute one SR still per second on a 2 GHz dual core PC. Third,
our method is robust and tuned on real data.

On input, our SR reconstruction takes bounding boxes
and segmentation masks of the region of interest (ROI) ex-
tracted from a video and containing objects to annotate. On
output, we compute SR stills of the moving objects, each still
using between ten and twenty successive ROI. As for each
object a still is computed every second or so, the process-
ing must be fast. In this context, we are interested in robust
approaches with a good trade-off between image quality and
computational cost.

The reconstruction step of the classical SR corresponds
to the inversion of a large sparse matrix. In the translation
motion case this inversion can be carried out using fast algo-
rithms [3][4]. When the motion model is not a translation,
this inversion can be performed only by iterative and costly
techniques [5][6]. In order to deal with non-translation mo-
tion with fast algorithms, we opt for the alternative SR ap-
proach based on non uniform interpolation [7][8].

A flow diagram of the proposed approach is depicted
in Fig. 1. The block Detection & Tracking extracts ROIs
from low-resolution (LR) frames, giving the extracted ob-
jects. For this task we use the tracker provided within the
VIVID project [9]. The SR block is built around several
blocks. First, the block Registration and Frame Selection
provides a subpixel registration between the LR ROIs and the
reference ROI. The blocks Non-uniform interpolation and
Restoration constitute the SR reconstruction step. A non-
uniform interpolation provides a high-resolution (HR) grid.
Then the SR frame is obtained after a restoration step.

Note that in Fig. 1 registration is embedded in the SR
step, in contrast with the majority of the contributions in the
litterature [2]. Indeed, registration and SR reconstruction are
both considered in the present paper, as well as practical is-
sues related to parameter tuning for both tasks.

Our method is validated on real data. We have observed
empirically that the translation motion model was limiting
the results quality. Moreover, registration turns out to be the
longest step in the overall process.

Related works on registration methods and SR tech-
niques are presented in section 2. The proposed SR process
is described in section 3. The importance of the registra-
tion is shown in 3.1, in particular the necessity to choose a
non-translational motion model. In section 4, we demon-
strate the efficency of the method on real data from urban
video surveillance. Particular attention is paid on the differ-
ent trade-offs related to parameter tuning.

2. RELATED WORK

As far as we know, reference [1] is the only contribution on
SR reconstruction of moving objects. Moreover, the present
paper is the first one to report results on real data, whereas
[1] is limited to synthetic data. The classical SR approach
deals with the static background/ moving sensor context, and
registration is overlooked most of the time. Although we
consider that the two problems are related, they are presented
separately in this section.

The input of our SR reconstruction is made up of the set
of bounding boxes and segmentation masks provided by the
tools developped within the VIVID project [9]. This process
is robust, but the registration accuracy is not sufficient for
SR reconstruction [2][6][5]. A registration step is therefore
performed to reach the required accuracy.
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Figure 1: Flow diagram of the proposed SR reconstruction
method.

2.1 Registration techniques
We have examined several registration techniques in order to
select fast algorithms. We have observed experimentally that
a translational model is not appropriate even on short time for
modeling small 3D effects. Algorithms are broken down into
two large families: parametric and non-parametric. Paramet-
ric methods are themselves divided into two classes: direct
and feature-based. On one hand, one finds methods using
a parametric model, such as translational, affine and homo-
graphic models. In this category, direct methods [10][11]
minimize iteratively a criterion on pixel intensity. Feature-
based methods [12] are based on matching Harris-type char-
acteristic points and estimate model parameters by robust
fit. On the other hand, non-parametric optical flow – dense
– methods [13] provide a motion vector for each pixel.
Feature-based techniques are fast, but fail to provide accurate
results when the number of features is too low: this is often
the case for small objects such as motorbikes, see Fig. 5 .
The advantage of dense methods are their ability to register
complex motion, but the computational cost is too high for
fast implementation. In order to realize a trade-off between
the processing speed and results quality, we choose a direct
parametric method described in section 3.1.2.

2.2 SR reconstruction techniques
The classical SR approach [2][6][14] can be described as fol-
lows. After the registration step, a large size linear system is
built, then regularized inversion is performed. The transla-
tional motion case may yield fast implementations, such as
[3] which takes advantage of the FFT.

Non-uniform interpolation [2] is a more intuitive di-
rect method, it is used in the case of the translational
model [15][16] and also for more general motion mod-
els [7][17][8]. LR images are registered to form an irregular
sampling of the scene. An iterative or direct non-uniform in-
terpolation process provides an estimation of the intensity at
any HR grid point [7][17]. Then restoration step is applied
to reduce noise and blur effects.

Using this method with non-translational motions im-
plies an approximation. As explained in [14], this approx-
imation is valid only in the case of the rotation motion and

Figure 2: Registration residual for translation (left), affine
(middle) and homographic (right) models. The mean-square
error is equal to 26.1 for the translation, 19.5 for the affinity
and 19.5 for the homography.

isotropic sensor point-spread function (PSF). Thus, the op-
timality of the overall reconstruction algorithm is often not
guaranteed.

3. THE PROPOSED METHOD
3.1 Registration
The principles of our SR reconstruction method are applied
separately on each RGB channel, then outputs are merged to
get a color SR image. The registration block does not need
color images and works with grayscale images.

3.1.1 Motion model
We have considered three motion models, translation, affine
and homographic. Except in case of fronto-parallel motion,
translational model does not offer a good accuracy, as can
be seen in Fig. 2. Conversely on this example, affine and
homographic models provide comparable performances. But
fitting an homographic model requires more computational
burden and is less stable than fitting an affine model.

As we deal with small objects in short sequences, the
affine model seems the most appropriate while meeting the
strong requirement of a fast registration. This choice is con-
firmed in section 4.

3.1.2 Registration
Let Ik denote the ROI of frame k, to be registred w.r.t. the ROI
I of the reference frame. We implement the inverse composi-
tional (IC) method of [18], based on the minimization of the
criterion:

∑
x∈M

(I(x)− Ik(W (x;p))2
, (1)

where x indexes a pixel of I in the mask M , W (x;p) is
the geometric warp and p is the coefficients of the transfor-
mation W . Ik(W (x;p)) is the value of Ik interpolated at point
W (x;p). The use of a segmentation mask on the object re-
duces the number of pixels to process, and makes the results
more robust.

The classical Lucas-Kanade technique [11] is a Gauss-
Newton (GN) descent on (1). The gradient of (1), involves
in particular Ik(W (x;p)) and ∂

∂ p (Ik(W (x;p))), which vary
at each iteration. The IC algorithm proposed by [18] rely on
GN descent of the following sequence of criteria:

∑
x∈M

(I(W (x;∆p))− Ik(W (x,p
n)))2

, (2)

where p
n is the estimate at iteration n, and ∆p is the step

increment of the parameter p.
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The gradient of (2) involves Ik(W (x;pn)) and
∂

∂∆p
(I(W (x;∆p)) computed at ∆p = 0. The last quan-

tity does not depend on n and Ik, it is computed only once
for all Ik during initialization. Therefore IC approach is
particularly attractive when multiple frames need to be
registred w.r.t. a unique frame.

To limit the time for the registration step, the number
of iterations must be controlled. We watch the evolution
of maximum shift of the four corners of the ROI to regis-
ter. Indeed, all pixels of the ROI have smaller motion than
this maximum translation. Thus, the iterations are stopped
as soon as the maximum shift falls below the threshold
RegT hresh or when it exceeds the maximum number of it-
erations maxIter. Typical values of RegT hresh and maxIter
are 0.4 pixel and 5, respectively, and this saves about 50%
iterations.

3.2 Thresholding on the registration
A wrong registration is very penalizing for the SR recon-
struction, hence it is necessary to discard the uncorrectly reg-
istered images. Meaningful image are selected according to
the registration quality. We perform a “kσ” adaptive thresh-
old the registration error: εi < kσ + ε̄ , where εi is the square
root of the sum of squared error (1), k is a parameter that
tunes the selectivity, ε̄ is the median of εi for a set of N im-
ages, σ is the average of the absolute differences between εi
and ε̄ .

3.3 SR reconstruction
In contrast to [1], we chose a direct method, which is di-
vided into two main steps. A non-uniform interpolation of
LR pixels on a HR grid is performed. Then, a Wiener Filter
is applied to reduce noise and blur effects.

3.3.1 Non-uniform interpolation
We have extended the shift & add method of [15] to non-
translational motions. This process is depicted in Fig. 3.
For a given SR factor, a HR grid is built based on the ref-
erence ROI. All ROIs are registered w.r.t. this HR grid to
form a non-uniform grid. Each point is projected to the near-
est neighbour of the HR grid, which corresponds to rounding
coordinates. When several points fall on the same node of
the grid, average is computed. Conversely, some points of
the grid receive no value. A four nearest neighbors multipass
interpolation is done to make for this lack of information. In-
terpolation of a single pixel has negligible influence on the
quality of the HR image, while a contiguous set of pixels
without value can deteriorate SR reconstruction, particularly
in textured areas. An interesting quality index is the filling
rate of the HR grid at the end of non-uniform interpolation.

3.3.2 Wiener filtering
The restoration step is performed by a Wiener Filter, the Dis-
crete Fourier Tranform (DFT) of the restored image has the
following form:

X( f ) =
H∗( f )Y ( f )

|H( f )|2 +α| f |β

where Y is the DFT of the noisy HR image obtained as
a result of the interpolation step , X is the DFT of the re-
stored image, H is DFT of the PSF of the optical sensor, α is

Figure 3: Non-uniform interpolation with nearest neighbor
approximation. On the right grid nodes without circle have
not received a value, ◦ = 1 value and • = 2 values.

the regularization parameter of Wiener filtering, and β is the
spectral exponent of the prior image Power Spectral Density.

We use a box function PSF to model the sensor defor-
mations. The Wiener Filter damps the amplitude of the fre-
quencies with low signal-to-noise ratio, while reducing the
blur effect due to the sensor. This method assumes uniform
noise on the observed image. Then, after the reconstruction
step, the HR image pixels are more or less averaged depend-
ing on the number of LR registered input pixels. The noise
is not uniform in the image. Using a unique regularization
parameter is therefore approximate.

4. EXPERIMENTAL RESULTS

4.1 Fast color super-resolution

To present our method, we have embedded the SR block of
Fig. 1 into the tracking testbed of the VIVID project [9],
which provides us with input tracks. In practice, the user de-
lineates the selected object in the reference image using the
VIVID GUI. In our evolution of VIVID, the user selects the
SR parameters and clicks on the SR button. The object is
then tracked backward and forward to obtain the correspond-
ing ROIs which feed the SR block. A few tenth of second
after, the SR still is displayed.

Fig. 4 illustrates the SR still obtained using one of the
sequences of the VIVID database. On the left, a car is de-
lineated in the scene. The SR reconstruction of this object is
displayed on the right.

All the examples shown below come from an interlaced
video aquired above a urban crossroad where many vehicules
appear. We applied our process on vehicles of different sizes
(50x50, 200x200) with a SR factor equal to 2, the compu-
tation times (CT) for the different examples are gathered in
Table 1.

Fig. 5 shows zooms of results as well as the correspond-
ing execution time, using 10 LR images. The various compo-
nents of the vehicles are identified more easily, with a good
restoration of details. The CT is growing with the size of
ROIs. In addition, it should be noted that the proportion of
time spent in registration and SR reconstruction is about 70%
and 30% respectively. Currently, SR reconstruction reaches
12 to 20 fps (frames-per-second) depending on the size of
objects on a 2 GHz dual core PC.
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Figure 4: Selected object in the scene (left), and color SR re-
construction (right) with default settings proposed in section
4.3.3 and 20 images.

Figure 5: Original image of real size 51x46 pixels (left), after
color SR processing of size 102x92 pixels (right) with default
settings proposed in section 4.3.3.

4.2 Motion model and registration
We have applied the SR reconstruction on an object without
registration, or with registration using a translation and an
affinity. In Fig. 6 left, SR reconstruction without registra-
tion: results are useless. Warping of the front and the back of
the van is not accurate enough with the translation (center),
compared with the affinity (right). This result confirms that
registration is mandatory and that the affine motion model is
more appropriate.

4.3 Influence of parameters variation
The proposed fast method has several parameters: the images
number, the registration parameters (maxIter, RegT hresh)
which influence the processing time, the interpolation pa-
rameter (the SR factor) which set the SR image size, and the
restoration parameters (β , α) which influence the quality of
the final result.

Figure 6: SR reconstructions with 10 images without reg-
istration (left), with translation (center) and affinity (right).
Lower line: enlarged detail of each image

Figure 7: SR reconstruction under-regularized (α = 10, left),
over-regularized (α = 105, right), and well regularized (α =
4000, center), with default settings proposed in section 4.3.3.

4.3.1 Parameter α and β of the restoration
The regularization parameters α and β of the Wiener Fil-
ter affects only the quality of the SR reconstruction, not the
CT. Several values of β were tested, and we could not notice
much sensitivity. We have set β = 4, which amounts to a
second-order Tikhonov regularization.

α is linked to the SR factor, and must be changed ac-
cordingly. If too low, the final image is grainy due to under-
regularization. Conversely, if α is too high, the final image
is blurred due to over-regularization. Fig. 7 presents three
results illustrating the case with a SR factor of 2. On the
left image, noise is very visible; the reconstruction is under-
regularized with a too low value of α , namely 10. The right
image is blurred: it is over-regularized with too high value
of α taken as 105. A good result was found with α = 4000,
as on the central image. α should be increased with the SR
factor.

4.3.2 Parameters maxIter and regT hresh of the registration
These two parameters affect both quality and the registration
CT, and should thus be adjusted to provide a good trade-off,
as the registration step represents 70% of the total SR CT.
In addition, if this step fails globally on all images, final SR
reconstruction is poor.

The processing time increases linearly w.r.t. number of
iterations. Then, the parameter maxIter must be set to fix a
limit of the registration step duration. However, if this pa-
rameter is too low, the results are not useless. Several values
of MaxIter were tested, without significative variations for
values greater than five. In this paper, the parameter maxIter
is set to 5.

During the interpolation step, the motion of each LR
pixel is rounded to the nearest HR pixel. Therefore it is
sufficient to set the threshold regT hresh near the HR pixel
accuracy. Moreover, some registrations converge faster than
others. We set regT hresh the higher possible in order to limit
the CT without degrading the result. It follows that for sim-
ple registrations the number of iterations is greatly reduced.
For a SR factor equal to 2, The HR pixel size is equal to 0.5
LR pixel. We have scanned regT hresh values between 0.1
and 0.9. We observed no sensitivity between 0.1 and 0.4,
then the results get worse after 0.5. Thus regT hresh is set to
0.4 LR pixel in present simulations. In case of higher SR fac-
tor, regT hresh should be lower. This choice ensures a good
registration accuracy, and reduces by about 50% the number
of iterations.

4.3.3 Choice of images number
Parameter tuning performed in the previous sections led to
the following values: MaxIter = 5, RegT hresh = 0.4, α =
4000, and β = 4 for a SR factor equal to 2.
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Fig. # pixel CPU time(s) Registration
CPU time (%)

4 3810 0.17 63
5 1050 0.27 94
6 7697 0.22-0.69-0.70 0-68-69
7 2036 0.31 85

Table 1: SR reconstruction CPU time for each example.

If the aliasing is strong on the LR images, it is potentially
interesting to use more frames in order to enhance the SR
reconstruction quality. But, in the case of small 3D objects,
the registration gets increasingly difficult as the number of
images grows. The number of used images should increase
with the SR factor, so as not to degrade SR reconstruction
by a low filling rate of the HR grid. In the case of SR factor
of 2, the SR recontruction with ten frames provides a good
trade-off between the result quality and the CT.

5. CONCLUSION
We propose a fast and robust color SR reconstruction
method, adapted to the original context of small moving ob-
jects.

In the context of video surveillance we made several in-
teresting observations: first, the hypothesis of translational
motion is too crude and the affinity seems to be a good trade-
off. Second, the registration is the most expensive step. This
last remark is surprising since the CT alloted to registration
is never considered in the litterature. In the short term this re-
sult encourages us to optimize further the registration and to
consider more carefully the registration errors impact on the
SR quality. Moreover, we will consider ground-truth experi-
ments in order to asses the merits of affine versus translation
models, and the influence of the different parameters. Other
potential evolutions relate to the simultaneous processing of
color channels and robustness to illumination variations.

The present SR functionality is involved in automatic an-
notation of video. In this context, tracks of several hundred
images may contain multiple aspects of the same object. A
perspective of this work is to provide automatic HR stills for
each aspect.
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