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Abstract

For modern high-resolution imaging sensors, pixel bin-
ning is performed in low-lighting conditions and in case
high frame rates are required. To recover the original spa-
tial resolution, single-image super-resolution techniques
can be applied for upscaling. To achieve a higher image
quality after upscaling, we propose a novel binning con-
cept using tetromino-shaped pixels. It is embedded into
the field of compressed sensing and the coherence is cal-
culated to motivate the sensor layouts used. Next, we inves-
tigate the reconstruction quality using tetromino pixels for
the first time in literature. Instead of using different types
of tetrominoes as proposed elsewhere, we show that using
a small repeating cell consisting of only four T-tetrominoes
is sufficient. For reconstruction, we use a locally fully con-
nected reconstruction (LFCR) network as well as two clas-
sical reconstruction methods from the field of compressed
sensing. Using the LFCR network in combination with the
proposed tetromino layout, we achieve superior image qual-
ity in terms of PSNR, SSIM, and visually compared to con-
ventional single-image super-resolution using the very deep
super-resolution (VDSR) network. For PSNR, a gain of up
to +1.92 dB is achieved.

1. Introduction

Conventional imaging sensors acquire image data using
square pixels that are regularly placed on the sensor sur-
face. Due to the everlasting pursuit for higher resolution,
smaller and smaller pixels are packed onto the sensor sur-
face. Such sensors can acquire single images of extremely
high-resolution in case of good lighting conditions. How-
ever, there are two major issues with decreasing the pixel
size. Firstly, fewer photons arrive at each pixel such that
photometric limits are approaching [5,35] resulting in worse
signal to noise ratios. Secondly, the required bandwidth in-
creases with the number of measured pixels such that enor-
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Figure 1. Illustration of a conventional low-resolution binning pro-
cess and the proposed tetromino binning. In both cases, less noise
and higher frame rates are possible.

mous amounts of data need to be processed and stored, es-
pecially when recording high frame rate raw videos. In or-
der to achieve higher signal-to-noise ratios and higher frame
rates, pixel binning is typically applied on the hardware
level [14, 24] to the disadvantage of spatial resolution. This
is shown in Figure 1.

To increase the spatial resolution of a low-resolution im-
age, single-image super-resolution can be applied in post-
processing. In this field, a vast amount of research has been
investigating classical upscaling algorithms, e.g., [15,33,44,
45,47], and recently neural networks, e.g., [8,25,48]. More
generally speaking, the aim is to achieve the best possible
image quality for a limited number of measurements.

Single-image super-resolution, however, is intrinsically
limited by the regularity of the underlying measurement
process which introduces aliasing whenever too high fre-
quencies are present in the scene. One solution to circum-
vent artifacts from aliasing is to employ a non-regular place-
ment of pixels [1, 7, 21, 28, 31, 36]. This allows for higher
image quality after reconstructing the image on a higher res-
olution grid without increasing the number of pixels com-
pared to a (binned) low-resolution sensor. Unfortunately,
implementations of non-regular sampling such as quarter

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.

9989



(a) Low-resolution
sensor

(c) 4×4 T-tetromino
sensor (prop.)

(b) Tetromino
sensor from [16]

Figure 2. Illustration of different sensor layouts, pixel shapes, and
cell sizes. Blue lines indicate the boundaries of the pixels. Dark
gray color is used for a single complete cell. The coherence is
given for an image of size M×N = 30×30 pixels.

sampling [34] and three-quarter sampling [37] suffer from
having a lower fill factor leading to stronger noise in case of
low light scenarios.

To achieve a fill factor of 100% and at the same time
keep the non-regularity of the sampling process, the square
shape of the conventionally used pixels must be reconsid-
ered. For this reason, Ben-Ezra et al. suggest the usage
of Penrose pixels to tile the sensor area [3]. Such Pen-
rose tiling is aperiodic, which can be understood as non-
regularity on a larger scale. On the other hand, this aperiod-
icity also means that hardware manufacturing and readout
strategies are expected to be highly complicated. Another
possibility to achieve a 100% fill factor with non-square
pixels is the usage of hexagonal pixels [22, 42] or triangu-
lar and rectangular shaped pixels [38, 39]. While all these
pixel shapes have potential at their own, they cannot be used
for the previously described binning process within a higher
resolution sensor.

Another promising possibility are tetromino pixels as
proposed in a patent application by Galdo et al. [16]. In
their work, T-, L- and Z-shaped tetromino pixels are used
to tile the sensor area. Though it is proposed to directly
manufacture the tetromino pixels in hardware, the tetromino
shapes could also be used during the binning process of
higher resolution pixels in case less noise or higher frame
rate is desired. Optimally, the tetromino pixels are stacked
together without leaving any vacancies such that a complete
tiling of the sensor area is formed. Galdo et al. highlight
an exemplarily tiling consisting of a 6×6 pixel cell in their
work which is then repeated periodically. With respect to
hardware implementation and wiring, they provide initial
solutions to manufacture, connect, and read out the indi-
vidual pixels. In the scope of this paper, such pixel lay-
outs could be used for the binning of four high-resolution
pixels. As for conventional square binning, this would al-
low for a higher signal-to-noise ratio and a higher frame
rate. The resulting noise is identical for all binned sensor
layouts because the light-active area is the same. Regard-
ing the reconstruction, Galdo et al. suggest that techniques
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Figure 3. Two slices (i = 0 and i = 1) through the measurement
matrices for the (a) low-resolution sensor, (b) Tetromino sensor
from [16], and (c) the proposed 4×4 T-tetromino sensor.

from compressed sensing could be used. However, no re-
construction results are given and no further analysis is pro-
vided in [16] or elsewhere. This raises the question whether
a better image quality can really be achieved.

In this work, we propose a novel sensor layout based on a
small tetromino cell consisting of only four T-tetromino pix-
els. This layout could be used for binning four higher res-
olution pixels as shown in the bottom row of Figure 1. For
the proposed sensor layout as well as for other sensor lay-
outs, we perform image reconstruction with suitable classi-
cal and data-driven algorithms. For the best of our knowl-
edge, it is the first time in literature that image reconstruc-
tion is performed for tetromino sensor layouts. We show
that the proposed sensor layout outperforms the more com-
plicated sensor layout from [16] as well as another larger
T-tetromino cell in terms of reconstruction quality. More-
over, our tetromino sensor layout significantly outperforms
the reconstruction quality of a (binned) low-resolution sen-
sor in combination with single-image super-resolution us-
ing the very deep super-resolution (VDSR) network [25].
At the same time, we are able to achieve a faster recon-
struction while still outperforming VDSR.

This paper is organized as follows: In Section 2, we re-
view the different sensor layouts in a compressed sensing
framework. In Section 3, the proposed T-tetromino sensor
layout as well as a larger T-tetromino sensor layout are pre-
sented. In Section 3, the used reconstruction algorithms are
presented. In Section 5, we evaluate the performance of the
different sensor layouts and reconstruction algorithms. Fi-
nally, Section 6 concludes the paper.

9990



2. Compressed Sensing Description of Conven-
tional Sensor Layouts

We describe the measurement processes for any used
sensor layout within the compressed sensing framework
[6, 10]. Any compressed sensing measurement can be writ-
ten as a linear combination

yi =

M−1∑
α=0

N−1∑
β=0

Aiαβfαβ , (1)

where fαβ ∈ [0, 1] are the gray values of the reference im-
age f of size M×N that would be acquired with a higher
resolution sensor, yi are the values measured by the indi-
vidual pixels of the image sensors and Aiαβ are the co-
efficients of the image measurement matrix. The index
i∈{0, . . . , L− 1} enumerates the L measurements. More-
over, α and β are the vertical and horizontal positions of the
pixels of the hypothetical reference image with the origin
positioned in the upper left corner. In this work, L=MN/4
for all sensor layouts. Other than for the vast majority of the
compressed sensing literature, e.g., [6,11,17,32], the image
is not artificially vectorized following [19].

As the first sensor layout, a low-resolution sensor with
large, square pixels is depicted in Figure 2 (a). The bin-
ning process leading to each low resolution pixel can be
described as the sum of four neighboring pixels of the ref-
erence image f such that for a measurement index i, all
entries in Aiαβ are equal to either 1 or 0. Figure 3 (a) shows
the slices through the three-dimensional measurement ma-
trix for the first two measurements with indices i = 0 and
i = 1. If desired, the resulting measurement values yi
could be reordered to form an image of lower resolution,
fLR
α̂β̂

= 0.25yi, using

α̂ = i mod M ≡ i− ⌊i/M⌋ ·M, (2)

β̂ = i//M ≡ ⌊i/M⌋, (3)

where ⌊ · ⌋ is the floor operation.
The tetromino sensor layout from [16] is shown in Fig-

ure 2 (b). It uses T-, L- and Z-tetrominoes and has a cell
size of 6×6 pixels with respect to reference image fαβ re-
sulting in nine measurements, i.e., the measurement ratio
9/36 = 0.25 as for the low-resolution sensor. For each
measurement index i, most entries in Aiαβ are again 0 ex-
pect for four entries being equal to 1 as shown for the first
two measurements in Figure 3 (b).

Next, we motivate the potential superiority of a tetro-
mino sensor layout by calculating the coherence µ [9,13,40]
of the corresponding measurement matrix A′

iσρ
,

A′
iσρ =

M−1∑
α=0

N−1∑
β=0

AiαβΦαβσρ, (4)

Table 1. Coherence µ for different sensor layouts assuming an
image size of 30×30 pixels.

Coherence µ

Low-resolution sensor 1.00
Tetromino sensor from [16] 0.78
4×4 T-tetromino sensor (prop.) 0.93

which is applied in the sparse transform domain Φ. The
coherence µ is defined as

µ = max
(σ,ρ)̸=(σ̃,ρ̃)


∣∣∣∑L−1

i=0 A′
iσρ

(
A′

iσ̃ρ̃

)∗∣∣∣√∑L−1
i=0 |A′

iσρ|2
√∑L−1

i=0 |A′
iσ̃ρ̃|2

 .

(5)

In general, a small coherence is assumed to be benefi-
cial [12, 13]. For L ≤ MN , the coherence is bound by
µWelch ≤ µ ≤ 1 with

µWelch =

√
(MN − L)

L(MN − 1)
≤ µ ≤ 1 (6)

known as the first Welch bound [46]. The values of the
coherence are given in Table 1 for the sensor layouts from
Figure 2 assuming an image size of 30×30 pixels in order to
keep the computational complexity low. For these settings,
µWelch ≈ 0.058. We find that the coherence of the low-
resolution sensor is equal to one being the maximum value
whereas the coherence of the tetromino sensor is smaller
than one. This is an indication that using a tetromino sensor
could be advantageous. Whether this is really the case needs
to be found experimentally.

3. Novel T-tetromino Sensor Layouts
In Figure 2 (c) the proposed tetromino cell of size 4×4

pixels is depicted which uses only T-tetrominoes. This sen-
sor layout is less complex than the one in Figure 2 (b) since
the cell size is smaller and only one type of tetrominoes is
used. Consequently, hardware manufacturing and wiring is
expected to be simplified. Exemplarily, the first two slices
through the measurement matrix are shown in Figure 3 (c).

In order to investigate the impact of the cell size for
T-tetromino sensor layouts, we additionally created a T-
tetromino sensor layout with a larger cell size of 8×8
pixels. Building larger non-trivial sensor layouts with T-
tetrominoes by hand is hardly possible as the T-tetrominoes
may not overlap each other. At the same time, the sen-
sor layout may be periodically geared, i.e., some of the T-
tetrominoes may protrude from one cell into the next cell.
One way to create a valid T-tetromino tiling is to make use
of a graph abstraction called ice graphs [27].
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(b) Allowed arrows:

and

(c) Allowed node types:

and

(a) Ice graph of the 4×4
T-tetromino cell

Figure 4. Ice graph of the 4×4 T-tetromino sensor from Fig-
ure 2 (c). The rules for any valid ice graph are shown on the right
side up to rotational and mirror symmetry.

Such ice graph representation of the 4×4 T-tetromino
layout from Figure 2 (c) is depicted in Figure 4 (a). The
ice graph is build by connecting each node of a diagonal
square lattice (green dots in Figure 4 (a)) with its four near-
est neighboring nodes. The arrow heads are then drawn cen-
trally inside the long side of a T-tetromino pixel as shown
in Figure 4 (b). Following [27], a valid ice graph for a T-
tetromino tiling has the property that the number of incom-
ing and outgoing arrows is identical for every node. Fig-
ure 4 (c) shows the two resulting types of nodes that are al-
lowed up to rotation and mirror symmetry.

Using this ice graph representation, 2((8/2)
2) = 216 dif-

ferent graphs are in principle possible for a cell size of
8×8 pixels. We therefore randomly generated roughly 216

graphs for a cell size of 8×8 pixels and tested which graphs
are valid with respect to the allowed node types in Fig-
ure 4 (c). The first valid ice graph among those randomly
generated graphs is depicted in Figure 5 together with its
corresponding T-tetromino tiling. For larger cell sizes such
as 16 or 32, this brute-force approach was not successful
within reasonable computing time, because the number of
possible graphs increases exponentially. Generating larger
tilings requires more sophisticated approaches, see e.g. [4],
but is neglected in this work as the results for the smaller
cell size will be even superior than those for the larger cell
sizes.

After the measurements have been performed, the im-
age needs to be reconstructed as illustrated in Figure 1. The
reconstruction algorithm has to find a solution f̂αβ from
the measurements yi such that the measurement equation
(1) is satisfied as good as possible, e.g., in a least square
sense. For measurements from the low-resolution sensor
(Figure 2 (a)), we use bicubic upscaling (BIC) [41] as well
as the very deep super-resolution (VDSR) network [25]
which is a widely used neural network for super-resolution.
In order to match the sensor layout in Figure 2 (a), we use
a binning of four high-resolution pixels whereas the origi-
nal publication of VDSR uses bicubic downscaling. Con-

(a) Geared 8×8

T-tetromino sensor
(b) Corresponding

ice graph

Figure 5. Ice graph of a randomly generated 8×8 T-tetromino sen-
sor. Other than the previous tetromino tilings, this tiling itself does
not show any cell boundaries since the pixels are tightly geared
into each other after periodic repetition.

sequently, we retrained the model for the low-resolution
sensor. Otherwise, the results of VDSR would be signifi-
cantly worse due to the mismatch of the downscaling pro-
cedures [29].

For the tetromino sensor layouts in Figure 2 (b,c) and
Figure 5, the reconstruction algorithms should make use of
the spatial extend of each pixel. We apply two classical re-
construction algorithms from the field of compressed sens-
ing that are capable of reconstructing images from a broad
class of measurement matrices. They make use of the spa-
tial extend of each pixel by explicitly exploiting the mea-
surement matrix, Aiαβ . Moreover, we employ a neural net-
work proposed for other non-regular sampling tasks. This
data-driven approach implicitly learns the shape and posi-
tion of the pixels during the training process.

4. Reconstruction Algorithms
As the first general compressed sensing algorithm, we

use local joint sparse deconvolution and extrapolation
(L-JSDE) [19]. It was proposed for the reconstruction of
images from arbitrary local measurements. L-JSDE is an
extension of JSDE [37] which was first designed to only
reconstruct images taken with a three-quarter sampling sen-
sor [37]. L-JSDE is based on an overlapping sliding win-
dow approach and generates an iterative model in the dis-
crete Fourier transform domain for each model window. We
use a target block size of B×B=4×4 pixels and a model
window of size W×W =32×32 pixels. This is consistent
with the choices for similar tasks in [19]. All other param-
eters are chosen as in [19], too. An implementation is pro-
vided by the authors.

The second general reconstruction algorithm is based on
a smoothed projected Landweber (SPL) iteration and was
first suggested in [17] for block-wise compressed sensing
problems. We use an implementation provided by the au-
thors [32] with their default settings. It uses a dual-tree dis-
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Figure 6. Illustration of the LFCR network [18] for case of the proposed 4×4 T-tetromino sampling sensor.

crete wavelet transform [26] as basis functions. For each
block, an iterative projected Landweber reconstruction is
performed. In each iteration, a projection step is followed
by a thresholding step. Then, the blocks are re-combined
for a joint Wiener filtering [30] with a 3×3 kernel be-
fore the next Landweber iteration is performed within the
blocks. The Wiener filtering prevents blocking artifacts at
the borders of the blocks and at the same time reduces noise.
For the tetromino sensor layouts, other than for block-wise
compressed sensing, we cannot decompose the reconstruc-
tion problem into neighboring reconstruction blocks. This
is the case because the cells of the tetromino sensor lay-
outs may be geared at the boundary of the reconstruction
block (cf. Figure 5). Decomposing such measurements
into neighboring blocks would therefore neglect some of
the measurements at the block boundaries which effectively
reduces the measurement rate. To solve this issue occurring
with SPL, we extend SPL from [32] with an overlapping
sliding window approach similar to the one present in [19].
We use neighboring target blocks of size 16×16 pixels and
a model window size of 32×32 pixels. Each model window

is then reconstructed separately. Since only the central tar-
get blocks of the reconstructed model windows are used for
the final image, blocking artifacts are effectively prevented
and all measurements can contribute to the overall image
reconstruction.

For the data-driven reconstruction algorithm, we rely on
a recent neural network based approach, namely the locally
fully connected reconstruction (LFCR) network [18]. It
finds a reconstruction for a block of size 8×8 pixels from all
measurements positioned inside this block as well as those
within a border of 4 pixels. The LFCR network is proposed
for cases such as quarter sampling and three-quarter sam-
pling but can also be applied for the low-resolution sen-
sor [18]. Since the LFCR assumes a periodicity of 8×8
pixels for the measurement process, the tetromino pattern
from [16] (cf. Figure 2 (b)) is not used with LFCR as this
would require to change the entire network structure and
the number of trainable parameters. This would make a fair
comparison hardly possible. The LFCR itself is a convolu-
tional neural network. For the first convolution, a stride of
8 is used which enforces a translational invariance after a
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displacement of 8 pixels. This convolution is non-trainable
and simulates the sensor behavior. The entries of this con-
volution are set such that the T-tetromino sensor layouts are
resembled. Next, several convolutions with a kernel size
of 1×1 establish a fully connected link between the mea-
sured data and the reconstructed pixels values. Finally, a de-
convolution (also called transposed convolution) with stride
8 is performed to re-order the reconstructed pixels to the
a full image. The LFCR network is concatenated with a
VDSR-like network consisting of twenty convolutional lay-
ers with a kernel size of 3×3 and a residual connection.
Other than in the original publication of VDSR [25], we
use the PReLU activation function [20] for LFCR as well
as the concatenated VDSR. As in [18], the LFCR+VDSR
network is trained in a two-step procedure. First, only the
LFCR is trained on the mean squared error with respect to
the high-resolution reference. Next, only the second half
(i.e., the VDSR) is trained using the same loss function.

5. Experiments and Results

5.1. Simulation Setup

We performed experiments to evaluate the reconstruc-
tion quality using the tetromino sensor layouts compared
to the low-resolution sensor using different reconstruction
algorithms. For the reconstruction algorithms, we use the
parameters as detailed in Section 3 following the respec-
tive literature. In order to train the neural networks, LFCR,
LFCR+VDSR and VDSR, we use the Set291 dataset as in
the original publication of VDSR [25]. Regarding the eval-
uation dataset, we use the TECNICK image dataset [2] con-
sisting of 100 natural images of size 1200×1200 pixels and
the Urban100 dataset [23] consisting of 100 images in the
megapixel range, too. The images serve as reference images
f and the measured values yi can be generated by multiply-
ing the image with the measurement matrix of the respective
sensor layouts as in (1).

Subsequent to the reconstruction, the peak signal-to-
noise ratio (PSNR) is calculated with respect to the respec-
tive reference image

PSNR = 10 log10
2552

1
MN

∑
αβ(fαβ

− f̂αβ)2
(7)

and is then averaged for all 100 images of the datasets. As
common in the literature, a border of 16 pixels is neglected
for the PSNR calculations to avoid potential boundary ef-
fects. As another metric, the widely used structural similar-
ity index measure (SSIM) [43] is evaluated in the same way.
The full processing chain for the simulations is summarized
in Figure 7.

image, fαβ image, f̂αβMeasurement
process, see (1)

yi
Reconstruction

PSNR/SSIM/...
Evaluation

Reference Reconstructed

Figure 7. Overview of the processing pipeline for the simulations
setup. For the evaluation, the reference image is compared to the
reconstructed image.

Table 2. Reconstruction quality in terms of PSNR in dB averaged
for the 100 images from the TECNICK dataset. The results are
shown for the three different tetromino sensor layouts and three
reconstruction algorithms. The best results in each column is high-
lighted with bold font.

L-JSDE SPL LFCR+VDSR
[19] [32] [18]

Tetromino sensor from [16] 34.27 31.55 -
Geared 8x8 T-tetromino 34.30 31.71 36.63
4x4 T-tetromino (prop.) 34.49 31.76 37.32

Table 3. Reconstruction quality in terms of SSIM averaged for the
100 images from the TECNICK dataset. The results are shown for
the three different tetromino sensor layouts and three reconstruc-
tion algorithms. The best results in each column is highlighted
with bold font.

L-JSDE SPL LFCR+VDSR
[19] [32] [18]

Tetromino sensor from [16] 0.9649 0.9408 -
Geared 8x8 T-tetromino 0.9654 0.9427 0.9759
4x4 T-tetromino (prop.) 0.9695 0.9467 0.9785

5.2. Comparison of the Different Tetromino Sensor
Layouts

Table 2 and Table 3 show the reconstruction quality in
terms of PSNR and SSIM using the three different tetro-
mino sensor layouts with various reconstruction algorithms.
In both tables, the average values for the TECNICK dataset
are given. The general purpose reconstruction algorithms,
L-JSDE [19] and SPL [32], can be used for all sensor lay-
outs, whereas LFCR+VDSR [18] cannot be applied to the
tetromino sensor layout form [16] as discussed in Section 3.

Among the three tetromino sensor layouts, the 4×4
T-tetromino sensor performs best in terms of PSNR and
SSIM for all three reconstruction algorithms. Using this
sensor layout results in a PSNR gain of at least 0.21 dB
compared to the tetromino sensor layout from [16]. Like-
wise, the SSIM is increased. In the next section, we com-
pare the performance of this proposed 4×4 T-tetromino sen-
sor with conventional single-image super-resolution.
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LR sensor
+ BIC + L-JSDE + LFCR+VDSR

Reference
section

4x4 T-tetromino
sensor (prop.)

Tetromino sensor
from [16]

+ VDSR [25]

31.56 dB / 0.9108

LR sensor

Section from image 10

+ L-JSDE

4x4 T-tetromino
sensor (prop.)

33.96 dB / 0.9384 32.98 dB / 0.9284 33.42 dB / 0.9360 38.76 dB / 0.9748

30.27 dB / 0.8081Section from image 10 30.63 dB / 0.8370 33.96 dB / 0.9171 34.23 dB / 0.9195 35.88 dB / 0.9490

33.81 dB / 0.997124.84 dB / 0.938126.14 dB / 0.967221.58 dB / 0.949919.15 dB / 0.8916Section from EIA chart

Figure 8. Visual comparison of sections where single-image super-resolution fails as a consequence of the aliasing introduced by the
low-resolution (LR) sensor. (Please pay attention, additional aliasing may be caused by printing or scaling. Best to be viewed enlarged on
a monitor. The reference images do not show visible aliasing artifacts.)

5.3. Comparison with Single-Image Super-
Resolution

In Table 4, the average image quality in terms of PSNR
and SSIM is given using the low-resolution sensor in com-
bination with bicubic upscaling and VDSR [25] in compar-
ison to using the proposed 4×4 T-tetromino sensor with L-
JSDE as well as LFCR (only), i.e., without the concatenated
VDSR network, and LFCR+VDSR [18]. In addition to the
TECNICK dataset (cf. Table 2), we show the average re-
sults for the Urban100 dataset which was also used in [25].

From Table 4, it can be seen that the 4×4 T-tetromino
sensor with LFCR+VDSR [18] performs better than the
low-resolution sensor with VDSR [25] for both image
datasets. For Urban100, the gain in terms of PSNR is largest
with 1.62 dB. The second best results are achieved when
the 4×4 T-tetromino sensor is reconstructed using LFCR
(only) for which the gain compared to single-image super-
resolution with VDSR is 0.67 dB.

The differences in PSNR and SSIM can be attributed
to the visual results in Figure 8 where two sections from
an image of the TECNICK dataset are shown. Addition-

Table 4. Average PSNR in dB and SSIM values for state-of-the-
art single-image super-resolution compared to reconstruction re-
sults for the proposed 4×4 T-tetrominoes sensor. average results
are shown for both dataset. The best results in each column are
highlighted with bold font.

TECNICK [2] Urban100 [23]
Low-resolution sensor

+ BIC [41] 33.66 / 0.9631 25.67 / 0.8820
+ VDSR [25] 36.20 / 0.9746 28.92 / 0.9299
+ LFCR+VDSR [18] 36.01 / 0.9739 28.73 / 0.9283

4×4 T-tetromino (prop.)
+ L-JSDE [19] 34.49 / 0.9695 26.94 / 0.9050
+ LFCR (only) [18] 36.84 / 0.9771 29.59 / 0.9386
+ LFCR+VDSR [18] 37.32 / 0.9785 30.54 / 0.9475

ally, a section from the EIA resolution chart 1956 is de-
picted. In the first row, the fine, periodic structure of the
bricks introduces aliasing when the low-resolution sensor
is used. Consequently, diagonal low-frequency stripes are
visible for the bicubically upscale image. Since the arti-
facts are quite strong, VDSR [25] suffers from the same
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Figure 9. Runtime and image quality in terms of PSNR in dB for
different reconstruction algorithms and sensor layouts. The fastest
reconstruction is achieved using LFCR (only) on GPU.

artifacts. Similarly, for the second row, VDSR [25] creates
curvy stairs even though these should be straight. Again
this can be attributed to the actual aliasing introduced in
the measurement process. This becomes even clearer in the
third row where four fine lines are shown on a resolution
test chart. For all three examples, the reconstruction for the
4×4 T-tetromino sensor layout is superior and no such alias-
ing is visible. This is the case for both shown reconstruc-
tion algorithms though the results with LFCR+VDSR [18]
outperform those with L-JSDE [19] as in Tab. 4. For com-
pleteness, the reconstruction result for the tetromino sensor
from [16] using L-JSDE are also depicted.

Overall, we find that the occurrence of visual artifacts
and defects attributed to aliasing can be significantly re-
duced by using the tetromino sensor layouts. This advan-
tage originates from the non-regularity of the measurement
process allowing for a better image reconstruction.

5.4. Evaluation of the Runtime

In this section, we investigate the runtime for the differ-
ent reconstruction algorithms. All programs were restricted
to a single CPU core of an Intel Xeon E3-1245v5 processor
with 3.50 GHz. The neural networks were additionally run
on a Nvidia GeForce RTX 2060 SUPER GPU. In each case,
the measured runtime is averaged for the first ten images of
the TECNICK dataset being of size 1200×1200 pixels.

The timing results are provided in Figure 9 for the low-
resolution sensor layout as well as 4×4 T-tetromino sensor.
The runtime is presented together with the respective recon-
struction qualities in terms of PSNR on the vertical axis.

As a first observation, we find that the classical algo-
rithms are much slower than the neural network, even when
the networks are executed on CPU. Among the neural net-
works, the GPU version of LFCR (only), i.e., without con-

catenated VDSR, [18] is the fastest being more than 5 times
faster than VDSR [25] on GPU. It allows for up to 20 frames
per second. The complete LFCR+VDSR [18] is slightly
slower than VDSR [25] as the combined network is larger.
However, this network achieves the highest reconstruction
quality (in combination with our 4×4 T-tetromino) and the
additional processing time may be acceptable in case the
highest image quality is desired.

6. Conclusion and Future Work
In this paper, we investigated the usage of tetromino pix-

els for a novel sensor layout concept for imaging sensors.
Such pixels could be used in hardware binning instead of
conventional 2×2 binning in order to increase the signal to
noise ratio and the frame rate. For the first time in liter-
ature, we provide reconstruction results for such tetromino
sensor layouts. We propose using a simple 4×4 cell consist-
ing of only T-tetromino which performs better than a more
complicated design from literature. Moreover, we compare
our results to the case of single-image super-resolution with
a (binned) low-resolution sensor in terms of image quality
and runtime.

Using our 4×4 T-tetromino sensor layout in combination
with general purpose algorithms from compressed sensing
as well as data-driven approaches, we can show that the re-
construction quality is superior than for a larger tiling with
different tetromino pixels from literature as well as a larger
tilings with T-tetrominoes.

Comparing the proposed 4×4 T-tetromino sensor lay-
out with state-of-the-art neural networks for single-image
super-resolution, we find that regions with strong aliasing
artifacts can be reconstructed better. This is attributed to
the non-regularity of the pixel shape and arrangement be-
ing a physical advantage over using the same number of
square, regularly placed pixels. This finding is also reflected
in the average PSNR and SSIM results. For the PSNR,
LFCR+VDSR outperforms VDSR by +1.62 dB for the Ur-
ban100 dataset.

Regarding the runtime, LFCR (only) shows the fastest
results being 5 times faster than VDSR while still outper-
forming the VDSR in terms of PSNR. In case the highest
image quality is desired with LFCR+VDSR, the runtime is
slightly slower than for VDSR due to the larger network ar-
chitecture.

For future work, it might be possible to include insights
from more recent single-image super-resolution networks.
These could be appended to LFCR instead of VDSR which
is expected to moderately increase the reconstruction qual-
ity. Moreover, their concepts could potentially be included
within LFCR, e.g., by using residual dense connections as
in [48]. Besides, more than four pixels can also be com-
bined. Hexominoes (6 pixels) or octominoes (8 pixels) may
be reasonable choices to further increase the pixel size.
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