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A B S T R A C T

Accelerated MRI acquisition is widely adopted and basically consists in undersampling the current slice at
the cost of a quality degradation. What samples to skip is determined by an encoder, while the quality
loss is partially compensated by the use of a decoder. The hypothesis behind accelerated MRI acquisition
is that to higher acceleration factors always correspond lower reconstruction qualities with an undersampling
pattern that is usually fixed at design time, neglecting adaptability on the slice acquired at inference time. This
paper proposes a novel accelerated MRI acquisition method that enables single-slice adaptation by dividing
the acquisition into incremental batches and estimating the reconstruction quality at the end of each batch.
The acquisition terminates as soon as the target quality is reached. We demonstrate the efficacy of our novel
method using a state-of-the-art neural model capable of jointly optimizing the encoder and decoder. To estimate
the current quality of the slice we reconstruct and propose a neural quality predictor. We demonstrate the
advantages of our novel acquisition method compared to classic acquisition for two different datasets and for
both line-constrained and unconstrained Cartesian sampling strategies (theoretically implementable via 2D and
3D imaging respectively).
1. Introduction

Magnetic Resonance Imaging (MRI) is widely adopted in the clinical
world, to investigate the state of health of critical regions such as the
brain, the heart and the musculoskeletal system.

The MRI output is typically a 3D volume composed of 2D slices,
although 3D imaging is also possible [1]. These slices represent sections
of the region under analysis. Each slice is formed by acquiring samples
in what is known as the k-space, which is a matrix in the spatial
frequency domain. Each point in k-space corresponds to a specific
spatial frequency, and its value is related to the amplitude and phase
of the signal generated by the processing nuclear relaxation signals
in response to applied magnetic fields. The process of filling k-space
involves applying a sequence of gradients, with the frequency-encoding
and phase-encoding gradients determining the trajectory of acquisition.
Human-readable high-resolution images are then generated by trans-
forming each slice into the spatial domain using the Inverse Fourier
Transform. The number of slices per volume and the slice dimensions
(usually expressed in pixels) are variable, depending on the clinical
requirements and the resources of the MRI machinery.

While acquiring the full k-space ensures maximum resolution, it
is often necessary to reduce acquisition time by undersampling. This
approach does lead to some loss of resolution. However, the literature
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shows plenty of studies to retain as much image quality as possible,
effectively balancing the trade-off between speed and resolution.

Researchers who pioneered this research demonstrated that even if
a portion of k-space is not acquired (to save time), it is possible to
infer it, and obtain high-quality images. Eventually Compressed Sensing
(CS) [2,3] was introduced into the MRI acquisition scheme [4,5] to
improve results. With CS-based skipping and inferring strategies, re-
searchers achieved faster acquisition with negligible quality losses. This
idea brought to the formalization of a general two-step implementation
framework, where first an encoder undersamples the image in the k-
space. Second, a decoder compensates the effect of the undersampling,
thus producing images with reasonable high quality [6]. Compressed
Sensing (CS) revolutionized MRI by transforming the image recon-
struction process into an optimization problem, typically solved by
minimizing hand-crafted regularization terms [7,8].

Since the breakthrough of Deep Learning (DL) and Deep Neural
Network (DNN), the field veered in the data-driven direction. The first
emerging DNN-based models, specific for fast MRI acquisition, were
based on the so-called UNET [9,10], that gave way to prolific research
branches. For example, [11] leverages multi-contrast MRI images in the
training process; [12] justifies the use of novel attention layers inside
the model; [13,14] explore the use of Generative Adversarial Neural
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Fig. 1. Incremental Acquisition scheme. At every iteration the MRI machine acquires
a batch of samples, that are accumulated with the previously acquired samples in the
k-space. A decoder block recreates the anatomical image which quality is assessed by
a specific block. If a target quality is reached the acquisition stops, otherwise another
iteration is launched.

Networks (GAN); [15,16] specialize on DL-based denoising applied to
MRI images; [17] interweaves graph learning and DNN-based image
reconstruction. However, DNNs lack full explainability, which is a
critical aspect in the medical field, and efforts to address this are
ongoing, as seen in [18].

The above methods introduce novelty by upgrading the DNN-based
decoder, but they leave the undersampling task to simple encoders,
e.g., uniform random sample skipping [19], or variable density [20]
and Line-Constrained sampling with skipped lines [21] (indicated here
as Line-Constrained). Different sampling schemes also affect the arti-
facts acquisition differently. Radial sampling is generally more robust
to motion, while Line-Constrained sampling is more prone to arti-
facts like blurring. Faster acquisitions reduce the time during which
motion can occur. The encoder importance has been widely over-
looked, and only recently novel DNN-based methods pioneered the
joint encoder–decoder optimization reaching superior performances.
For example, [22,23] design trainable continuous matrices that encode
the probability of every sample in the k-space to be sampled. Recently,
methods such as [24–26] further adapted [23], showing interesting
results. In particular, [24] explores various loss functions to improve
the joint dependency between the encoder and decoder, [25] refines
gradient estimation strategies and replaces the UNET-like decoder with
an unrolled architecture, and [26] extends the joint learning strategy to
incorporate radial-constrained sampling patterns. Alternative trainable
encoder architectures have also been proposed. For example, [27]
relies on the Softmax function to select frequencies; [28] performs
a non-uniform Fourier transform with continuously defined sampling
locations; [29] builds a reinforcement learning problem. Recently, the
ability of DL-based methods to reconstruct images acquired with 1∕4 of
the standard time has been determined to be of diagnostic equivalence
with the conventionally acquired images for knee MRI [30].

Typically, at least in the ML framework, the fast acquisition prob-
lem is tackled by optimizing the acquisition/reconstruction over a
dataset made of several volumes, each comprising several slices. In
general, central slices are complex and abound with details, while
external slices are plainer and less sophisticated. It follows that it is
counter-productive to give the same span of attention (acquisition-
speaking) to all the slices within the same volume. Nevertheless, this
is what the classic acquisition does. Intuitively, it discards the single-
slice optimization, that consequently precludes adaptability and quality
control.

Inspired by [31], we design a novel acquisition strategy by dividing
the classic slice acquisition into batches, each implementing three steps:
(i) sensing, (ii) reconstruction, and (iii) quality estimation. Based on the
estimated quality the sequence continues or terminates. This procedure
is depicted in Fig. 1. Our strategy adapts to the information content of
the slice and gains control over the slice reconstruction quality, hence
2 
overcoming a great limitation of the classic acquisition. Because of its
properties, we dub our method the incremental adaptive MRI acquisition

This work is not the first, in the MRI context, to build slice-
adaptive k-space acquisition patterns (also referred to as masks or binary
masks) [32–34]. In [32], authors create slice-specific sampling patterns
based on a first acquisition batch of a low-frequency portion of the k-
space. Similarly, [33,34] adapt the k-space acquisition iteratively across
a predefined number of 𝐾 iterations. Each iteration is based on the
previous iteration’s results. While [33] uses a single unrolled model
across all iterations, [34] employs separate networks for sampling and
reconstruction. Interestingly, our method could be integrated into the
previous to remove the need for a predefined number of iterations
𝐾. Indeed, our method dynamically determines when to stop the
acquisition process based on the target quality, allowing 𝐾 to vary.

Also, we are not first trying to associate a score to the MRI recon-
structed image. [35] quantifies uncertainty by resorting to the Stein’s
Unbiased Risk Estimator (SURE) measure. SURE studies how adding
Gaussian white noise to the encoded image affects the reconstruction
by running a Monte Carlo simulation. SURE quantifies uncertainty by
computing second-order statistics over the reconstructed set of images.
The authors show how SURE can be adopted as an indicator of the
uncertainty of reconstruction. Interestingly, they also highlight how
SURE is not a measure for the quality of the reconstruction. For
example, authors demonstrate that training a model with an adversarial
loss returns less reliable results (lower SURE) than training the same
model with a standard loss, even if adversarial loss tends to improve
performances in terms of reconstruction quality.

In general, the implementation of the quality estimator falls in the
vast realm of No-Reference Image Quality Assessment (NR-IQA), which
objective is to find the quality of a corrupted image without knowing
the reference image [36,37]. Nevertheless, differently from the NR-IQA
setting, some prior domain knowledge is available, even if limited. NR-
IQA applied to MRI acquisition mostly focus on the design of novel
metrics that better approximate the human perceptual quality [38].

In this work, we relied on the well-consolidated Mean Absolute
Error (MAE), Peak Signal-to-Noise Ratio (PSNR), and Structural Sim-
ilarity (SSIM) for quality assessment. Nevertheless, we are confident
that alternative figures of merit, such as the one in [35,39], the ones
detecting motion-related artifacts [40], or the ones from pure NR-
IQA [41], can possibly be integrated with our scheme and benefit the
overall acquisition.

This study explores unconventional MRI acquisition strategies with
a focus on simplified scenarios, i.e., simplified MRI physics, to high-
light conceptual clarity over technical complexities. Our objective is to
explore future advancements in MRI acquisition, fostering inspiration,
rather than proposing a singular fully-optimized model.

The rest of the paper is organized as follows. In Section 2, an
overview of the MRI acquisition is presented, with a focus on related
work in Section 2.1, and the presentation of our novel incremental
acquisition in Section 3. Numerical results are shown in Section 4,
finally in Section 5 we draw the conclusions.

2. Undersampled MRI acquisition

An MRI machine acquires k-space samples, which are points in the
k-space: a spatial frequency domain represented as a Cartesian grid,
denoted as 𝒚 ∈ C𝑑×𝑑 . These 𝑑×𝑑 samples represent the spatial frequency
coefficients of the image. The acquired data is then transformed into
an image through the Inverse Fourier Transform, i.e., 𝒙 = −1(𝒚). In
this context, k-space sample refers to an individual value of the k-space
representing the frequency domain information.

MRI machine follows k-space trajectories, i.e., path traced in the
spatial-frequency domain during data collection as determined by the
applied gradients. To speed-up the acquisition of an image it is possible
to undersample. Such strategies follow binary masks that specifies what
k-space samples to acquire and what to discard [42].
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Fig. 2. Scheme of the incremental acquisition, where a fully-sampled image 𝒙 is the input of an encoder block, that, at every iteration (𝑖), acquires a portion of its k-space 𝛥𝒛(𝑖).
All the samples are accumulated into a matrix 𝒛(𝑖). Such matrix is then fed to a decoder block that creates 𝒙̂, an image designed to be as close as possible to 𝒙. The reconstruction
is fed to the quality assessment block, that estimates the reconstruction quality 𝑄̂(𝒛(𝑖) , 𝒙̂(𝑖) ,𝒙(𝑖)). Intermediate results, such as 𝒙(𝑖) and 𝒛(𝑖), can be exploited by the quality assessment
block to improve the estimation. Finally, 𝑄̂(𝒛(𝑖) , 𝒙̂(𝑖) ,𝒙(𝑖)) is compared with a target quality 𝑞min. As long as 𝑄̂(𝒛(𝑖) , 𝒙̂(𝑖) ,𝒙(𝑖)) < 𝑞min, another iteration (𝑖 + 1) is launched.
When dealing with undersampling patterns, each sample of the k-
space is usually assumed to be acquired independently of the others
and in the same amount of time [11–14,19–30,43,44]. This assumption
simplifies the analysis by allowing us to isolate the contribution of each
k-space sample to the image reconstruction. However, it is important to
recognize that this is a significant idealization. In practice, acquisition
times can vary due to the chosen acquisition strategy and physical
constraints. Lifting this assumption may also affect the response of the
imaging system, e.g., the response to a point source (that takes the
name of Point Spread Function), that is often used to describe image
blurring.

In this work, we consider two types of undersampling patterns:
(i) unconstrained sampling, which allows for a more flexible selec-
tion of k-space samples, and (ii) Line-Constrained sampling, where
k-space is sampled along straight lines. The adopted constraint in the
Line-Constrained sampling is an example of specific requirements of
the imaging system. Conversely, the Unconstrained sampling does not
restrict the selection to linear paths, offering more freedom in how
k-space is sampled.

To formalize the undersampling procedure, image acquisition can
be modeled as an encoder Enc(⋅) providing 𝒛 as an undersampled
version of 𝒚 where only 𝑚 < 𝑛 = 𝑑2 samples of the k-space are sampled.
The encoder is responsible for determining which k-space samples to
acquire and which to skip, effectively reducing the total number of data
points the machine had to collect. More in detail, Enc(⋅) applies a binary
mask 𝑴 ∈ {0, 1}𝑑×𝑑 with 𝑚 ones and 𝑛 − 𝑚 zeros such that

𝒛 = Enc(𝒙) = 𝑴◦𝒚 = 𝑴◦ (𝒙) (1)

where ◦ indicates the Hadamard element-wise product between matri-
ces. We call 𝑟 = 𝑚

𝑛 the acquisition rate and 𝑠 = 1
𝑟 = 𝑛

𝑚 the undersampling
ratio. Note that we do not model noise in the acquisition process and
we limit the analysis to the ideal case in (1), as in [22,23].

The recovery of 𝒙 from 𝒛 bases its effectiveness on the fact that med-
ical images often show patterns in spatial arrangement that translate to
redundancy in the k-space.

However, computing only −1(𝒛) produces a first-guess recons-
tructed image that is affected by aliasing artifacts. Therefore, a decoder
Dec(⋅) exploiting the natural redundancy of the images is necessary to
produce an estimate 𝒙̂ = Dec(𝒛) ≈ 𝒙 that is free of unwanted aliasing
effect. The decoder processes the undersampled k-space to reconstruct
the missing information compensating for the skipped samples.

An option to design the Enc-Dec pair is Compressed Sensing (CS),
which leverages the fact that image redundancy implies sparsity in
some representation [45]. Following the CS framework, 𝑴 can be
randomly drawn and, if the random pattern 𝑚 is sufficiently large, an
estimate of 𝒙 is obtained by looking at the sparsest image matching
(1) [46,47].
3 
Recent data-driven approaches exploit different priors that are di-
rectly learnt from the data, i.e., 𝒙̂ is not imposed to be sparse but forced
to be similar to the images observed during the training. Hence, the
decoder involves a Deep Neural Network (DNN) that compensates for
the aliasing effect [9,11,12,43]. The network is trained by means of a
loss function

DNN(𝒙, 𝒙̂) = 𝐄𝒙 [𝜓𝐒(𝒙, 𝒙̂) + (1 − 𝜓)𝐑(𝒙̂)] (2)

where 𝐄𝒙 is the expectation over the training inputs, 𝐒 is a similarity
function measuring the resemblance between 𝒙 and 𝒙̂, 𝐑 is a generic
regularization term, and 𝜓 ∈ [0, 1] is a scalar that weights the two
terms of the loss. The first term ensures similarity between true ad
reconstructed images, while the second takes various forms, depending
on prior knowledge, e.g., [24] explores what regularization term better
imposes the measurement constraint at training time.

Data-driven approaches have also been proposed to adapt the en-
coder to the class of input images so that a learned mask 𝑴 captures
the most salient k-space samples [44]. Furthermore, it has been demon-
strated that the joint optimization of Enc(⋅) and Dec(⋅) benefits the
overall model [22,23,27–29,48].

2.1. Reference architecture

One of the latest advances among the data-driven approaches that
jointly optimizes the encoder and decoder has been proposed in [24]
as an extension of Learning-based Optimization of the Under-sampling
Pattern (LOUPE) [22,23]. This model jointly trains the two blocks
where the encoder and the decoder respectively depend on trainable
parameters 𝜸 and 𝜽, i.e., 𝒙̂ = Dec𝜽(Enc𝜸 (𝒙)), where ⋅𝜸 and ⋅𝜽 indicate
the dependency on 𝜸 and 𝜽.

According to this framework, the model follows the autoencoder
paradigm: 𝜸,𝜽(⋅) = Dec𝜽(Enc𝜸 (⋅)) having as peculiarity an encoder that
performs undersampling, while the objective of the decoder is to restore
the original image, as depicted in Fig. 2.

At training time, instead of a binary mask, Enc𝜸 (⋅) uses 𝑴𝜸 ∈
[0, 1]𝑑×𝑑 to promote gradient back-propagation. 𝑴𝛾 is computed from
the output of an auxiliary layer that sets the probability of each
element of 𝒚 to be included in 𝒛. During inference, the probability
mask controlled by 𝜸 is thresholded to obtain the final binary mask.
The ad-hoc layer controlling 𝑴𝛾 sets a desired value of 𝑠 [23,24].

As depicted in Fig. 2, the decoder Dec𝜽(⋅) is a cascade of blocks pro-
ducing two intermediate results and the final reconstruction. The first
intermediate image is computed by means of the residual UNET [9],
that returns 𝒙 ∈ C𝑑×𝑑

𝒙 = −1[𝒛] + UNET𝜽(−1[𝒛]) (3)

As 𝑧 is an undersampling of the k-space, −1(𝑧) corresponds to the
original image 𝑥 corrupted by aliasing. The UNET aims to correct the
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Fig. 3. Scheme of the quality assessment architecture, where two main blocks are implemented. The error estimation block computes a first quality guess by computing the
measurement error on 𝑥 (an intermediate output of the decoder architecture we adopted in this work) and fitting it to quadratic polynomial. The Error Correction Block adjusts
the first guess estimation, with a cascade of six blocks 𝐁0 ,𝐁1 ,… ,𝐁5 comprising Convolutional layers that extract features from the reconstructed image 𝒙̂. The two contributions
are weighted together by means of a Dense layer. All the network parameters are jointly optimized at training time.
aliasing artifacts allowing 𝑥̄ to be a better reconstruction compared to
−1(𝑧).

However, 𝒙̄ may not be consistent with the measurements 𝑧 as
demonstrated in [24]. For this reason, an ad-hoc block forces the match
between 𝒛 and Enc𝜸 (𝒙) by projecting 𝒙̄ into the space of the image
consistent with the measurement (referred as ‘‘block C’’ in Fig. 2), thus
producing a second intermediate reconstruction

⋆
𝒙∈ R𝑑×𝑑 . In details:

⋆
𝒙= −1( (𝒙̄)◦

(

𝟏 −𝑴𝜸
)

+ 𝒛
)

(4)

Finally, 𝒙̂ is obtained by applying Dykstra’s projection algorithm
[24] (referred as ‘‘Projection’’ in Fig. 2), that iteratively projects the
image into two convex sets: one representing the space of images
consistent with the measured k-space (the measurement constraint
𝒛 = Enc𝜸 (𝒙̂)), and the other representing the real-valued image space
(the hypercube [0, 1]𝑑×𝑑). Applying the Dykstra’s projection algorithm
ensures that the final image satisfies both constraints.

3. Incremental MRI acquisition

In this section, we evolve the classic acquisition procedure by
presenting the novel Incremental MRI Acquisition.

For 𝑠 > 1, 𝜸,𝜽 inevitably introduces errors, causing quality degra-
dation according to a given quality function 𝑄(𝒙, 𝒙̂). Given 𝒙 it is rea-
sonable to say that there is a monotonic decreasing mapping between
𝑠 and 𝑄(𝒙, 𝒙̂).

One option is to find a maximum 𝑠̃ such that 𝑄(𝒙, 𝒙̂) ≥ 𝑞min for all
the 𝒙 ∈  , where  represents the set of possible input instances.
Nevertheless, it could be convenient not to adopt a fixed 𝑠̃ but to
identify a procedure that for any image 𝒙 returns the highest 𝑠 matching
the minimum quality of service. To make this possible, we consider
different undersampling ratios  = {𝑠(1),… , 𝑠(𝑁)} so that every 𝑠(𝑖)

corresponds a different autoencoder (𝑖)
𝜸,𝜽 and undersampling mask

𝑴 (𝑖). Then, we provide a procedure that, for each incoming image,
selects the highest undersampling ratio matching the quality constraint.

The problem of finding the highest 𝑠 ∈  respecting the constraint
𝑄(𝒙, 𝒙̂) ≥ 𝑞min, for an image 𝒙, is formulated as an optimization problem
whose solution is referred to as oracle-based
𝑠∗ = argmax

𝑠∈
𝑠

subject to 𝑄(𝒙, 𝒙̂) ≥ 𝑞min

(5)

The above problem cannot be solved at inference time because 𝒙 is
unknown, hence we rewrite (5) as
𝑠∗ = argmax

𝑠∈
𝑠

subject to 𝑄̂(𝒛, 𝒙̂,…) ≥ 𝑞min

(6)

where 𝑄̂(𝒛, 𝒙̂,…), namely the Quality Assessment, is a proxy of 𝑄(𝒙, 𝒙̂).
𝑄̂(𝒛, 𝒙̂,…) leverages available information, such as 𝒛 and 𝒙̂, to produce
4 
an estimate of the image quality. It can also include other inputs, such
as 𝒙 from (3).

Let us consider the elements of  in descending order so that
𝑠(𝑖) > 𝑠(𝑖+1) and to build the sequence of masks {𝑴 (1),… ,𝑴 (𝑁)} such
that they respect the incremental constraint 𝑴 (𝑖) − 𝑴 (𝑖−1) ∈ {0, 1}𝑑×𝑑 ,
i.e., any mask 𝑴 (𝑖) selects all k-space samples selected by the previous
mask 𝑴 (𝑖−1) plus a batch of new points. Our proposal is to tackle (6)
with an incremental approach where we use all (𝑖)

𝜸,𝜽(𝒙) associated to
𝑠(𝑖) ≥ 𝑠∗. The algorithm implementing this procedure is sketched in
Fig. 2 and reported in Alg. 1 where 𝟎 defines the null matrix, 𝑴 (0) = 𝟎,
and get_sample(⋅) is the MRI sampling operation, modeled by (1) at
design time, that takes the undersampling mask as an argument.

Algorithm 1 Incremental Adaptive Acquisition (slice)
Require: 𝑞min: a minimum quality level
Require: {𝑴 (1),… ,𝑴 (𝑁)}: a sequence of incremental masks with

corresponding undersampling ratio {𝑠(1),… , 𝑠(𝑁)}, with 𝑴 (0) = 𝟎
𝑖 ← 1
𝑞 ← 0
𝒛 ← 𝟎
while 𝑞 < 𝑞min do

𝛥𝒛(𝑖) ← get_sample(𝑴 (𝑖) −𝑴 (𝑖−1))
𝒛 ← 𝒛 + 𝛥𝒛(𝑖)
𝒙̂, 𝒙 ← Dec(𝒛)
𝑞 ← 𝑄̂(𝒛, 𝒙̂,𝒙)
𝑖 ← 𝑖 + 1

end while
𝑠∗ = 𝑠(𝑖)

return 𝑠∗, 𝒙̂

With respect to the encoder in [24], we here need to force the
incremental constraint on the sequence of binary masks characterizing
the sequences of autoencoders. We build the set {𝑴 (1),… ,𝑴 (𝑁)} of
incremental masks by training the corresponding {(1)

𝜸,𝜽,… ,(𝑁)
𝜸,𝜽 } in a

decremental fashion,1 i.e., starting from 𝑖 = 𝑁 (corresponding to the
lowest undersampling ratio 𝑠) till 𝑖 = 1 (the highest 𝑠). Note that every
𝑴 (𝑖) is obtained starting from 𝑴 (𝑖+1) by means of a layer embedded in
the encoder that forces the ones in 𝑴 (𝑖) to be a subset of the ones in
𝑴 (𝑖+1).

To make our approach effective, 𝑄̂(⋯) must be able to guess the re-
construction quality at each step of the incremental acquisition scheme.
Inspired by the latest advancement in NR-IQA [49,50], we implement
the 𝑄̂(⋯) function with a DNN. Nevertheless, we diverge from standard
NR-IQA by leveraging other information than 𝒙̂. Our architecture de-
velops in two blocks, namely the Error Estimation block and the Error
Correction block, whose scalar outputs are combined to produce the

1 Numerical evidence show that training in a decremental fashion leads to
better performance than following the incremental ordering.
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estimated image quality. The resulting block scheme of the incremental
acquisition, including the neural quality predictor, is sketched in Fig. 2.

The first block takes the error 𝜖 = ‖

‖

‖

Enc
(

𝒙
)

− 𝒛‖‖
‖1

where ‖⋅‖1 is
the standard 𝓁1 norm, and feeds it to a quadratic function to produce
̂ = 𝑎𝜖2 + 𝑏𝜖 + 𝑐. As already demonstrated in [24,51], 𝜖 is a first rough
roxy of the reconstruction quality. The Error Correction Block extracts

𝜸 = gpool (𝐁5
(

𝐁4
(

𝐁3
(

𝐁2
(

𝐁1
(

𝐁0 (𝒙̂)
))))))

(7)

with gpool implementing a global average pooling that returns a scalar
feature 𝛿 ∈ R; and each 𝐁𝑗 implementing:

𝐁𝑗 (⋅) = pool
(

BN𝛽𝑗
(

ReLu(Conv𝛼𝑗 (⋅))
))

(8)

where 𝑗 is the index of the block; pool is the average pooling operation
with window of 2 × 2; BN𝛽 is the batch normalization operation with
arameter 𝛽; ReLu is the Rectified Linear unit operation; and Conv𝛼 is
he convolution operation with kernel 5 × 5, parameterized by 𝛼. The
umber of filters of each Conv𝛼j is [10, 8, 6, 4, 2, 1].

Finally, the two branches are concatenated and fed to a Dense layer,
parameterized by 𝜔𝜖 and 𝜔𝛾 that outputs the estimated quality:

𝑸̂(𝒛, 𝒙̂, 𝒙̄) = 𝜔𝜖 𝝐̂ + 𝜔𝛾𝜸 (9)

All the parameters 𝑎, 𝑏, 𝑐 , 𝛼𝑖, 𝛽𝑖, 𝜔𝜖 , 𝜔𝛾 are trainable and tuned at training
time by minimizing the loss:

𝐿𝑄(𝑎, 𝑏, 𝑐 , 𝛼 , 𝛽 , 𝜔𝜖 , 𝜔𝛾 ) = 𝐄𝒙

[

‖

‖

‖

𝑄(𝒙, 𝒙̂) − 𝑄̂(𝒛, 𝒙̂,𝒙)‖‖
‖1

]

(10)

Since 𝒛 and thus 𝒙̂ and 𝒙 depend on the mask 𝑴 , a quality estimator
𝑄̂ must be trained for each 𝑴 (𝑖) in our approach.

A detailed visual representation of the quality assessment block is
iven in Fig. 3.

4. Numerical evidences

4.1. Dataset

We evaluate our method by adopting two publicly available
atasets: NYU fastMRI dataset [52] and IXI dataset [53]. The first

contains fully-sampled knee scans, the second contains fully-sampled
brain scans. According to the block scheme in Fig. 2, we consider
irectly the reconstructed images provided by these datasets, rather

than raw k-space. Here, we compute k-spaces by applying the Fourier
transform to each image in every volume for both use cases considered.

In this work, we represent k-space as a 2D Cartesian grid. We eval-
uated our method using two sampling strategies: (i) Line-Constrained,

hich follow straight-line sampling patterns. This align with real 2D
maging, e.g., Spin Echo sequence with frequency encoding dimension
n the 𝑥-axis and with the phase encoding direction on the 𝑦-axis of our
-space representation; (ii) Unconstrained, which offers more flexibility
nd allows for pure exploration of the potentialities of the model.
hile theoretically feasible by leveraging one frequency encoding di-
ension and two phase encoding dimensions, the deployability of our

ncremental acquisition for 3D imaging requires more investigations.
By combining datasets and sampling strategies we create four dif-

ferent use cases, referenced as (i) FastMRI-U; (ii) FastMRI-C; (iii)
IXI-U; (iv) IXI-C, where U and C refer to Unconstrained and Line-
Constrained, respectively. We work with the 320 × 320 images in
FastMRI emulated single-coil proton density-weighted data. Similarly,
we extract the 256 × 256 single-coil T1 data from the IXI dataset.2

Both datasets are naturally grouped in volumes, each volume be-
ing composed of grayscale slices. To address variations in intensity
cross independently acquired volumes, we normalize each volume by
ividing pixel values by the maximum magnitude within that volume.

2 Note that the proposed acquisition strategy can be extended to the case
f multi-coil datasets and we plan to address this in future communications.
5 
This approach ensures consistent contrast levels between different pa-
tients without introducing distortions. FastMRI images are split into
a training, validation, and test set comprising 50, 5, and 5 volumes,
respectively. Each volume contains a number of slices in the range
[34, 45]. IXI images are similarly split into sets comprising 166, 11, and
8 volumes. Each volume contains 150 slices.

IXI-U (IXI-C) images are similarly split into sets comprising 166
166), 11 (12), and 8 (7) volumes. Each volume contains 150 slices.
he additional validation volume of IXI-C was employed to estimate
nd compensate an unexpected bias error in the quality assessment.

Within the same volume, initial and final slices are characterized by
a scarcity of anatomical features and the information content tend to
accumulate in the center. Fig. 4 depicts slices 5, 15, 25, 35 (30, 60, 90, 130)
f a volume belonging to the FastMRI (IXI) dataset, confirming such
rend.

4.2. Training parameters

We use the Adam optimizer with an initial learning rate of 0.01,
ith an Early Stop and Reduce Learning Rate on Plateau to secure

onvergence. Since training produces probabilities with which a pixel
r a line of the mask is non-zero, testing is performed by first drawing

a binary mask according to such probabilities and keeping it fixed
throughout the assessment.

The autoencoder network has approximately 31.5M parameters.
The 𝑁 Self-Assessment models, one for each 𝑠 ∈ , have approxi-
mately 5.5 K total parameters each. We train every (𝑖)

𝜸,𝜽 for 𝑙 different
weight initialization, then select the one having the highest average
reconstruction quality. We set 𝑙 = 5 for fastMRI and 𝑙 = 2 for IXI.

For the two use cases FastMRI-U and FastMRI-C we adopt,3

 = {64, 32, 24, 20, 16, 12, 10, 8, 6, 5, 4, 3}.
For IXI-U we consider

 = {64, 32, 24, 20, 16, 12, 10, 9, 8, 7.5, 7, 6.75, 6.5,
6.25, 6, 5.75, 5.5, 5.25, 5, 4.75, 4.5, 4.25, 4, 3}.

while IXI-C refers to
 = {64, 32, 24, 20, 16, 12, 10, 9, 8, 7, 6.5, 6, 5.75, 5.5,

5.25, 5, 4.75, 4.5, 4.25, 4, 3.75, 3.5, 3.25, 3}.

In a real use case, the choice of 𝑞min is left to domain experts. For the
sole purpose of testing, we tuned parameters  so that our incremental
acquisition is competitive in the range 𝑞min ∈ [38, 44]. To modify this
range of efficacy, it is sufficient to change .

4.3. Evaluation metrics

To assess the quality of each reconstruction we adopt three different
etrics:

• Peak Signal-to-Noise Ratio:

PSNR(𝒙, 𝒙̂) = 10 log10
(

max(𝒙)2

MSE
(𝒙, 𝒙̂)

)

(11)

where MSE(𝒙, 𝒙̂) = 1∕𝑛
∑𝑛−1
𝑗=0([𝒙]𝑗 − [𝒙̂]𝑗 )2 is the Mean Square Error

between 𝒙 and the decoder output and [𝒙]𝑗 refers to the 𝑗th pixel
of the flattened matrix. Notice that, max(𝒙) = 1.

• Inverse dB Mean Absolute Error:

MAE−1
dB(𝒙, 𝒙̂) = 20 log10

(

max(𝒙)
MAE(𝒙, 𝒙̂)

)

(12)

where MAE(𝒙, 𝒙̂) = 1∕𝑛
∑𝑛−1
𝑗=0 |[𝒙]𝑗 − [𝒙̂]𝑗 | is the Mean Absolute

Error between 𝒙 and the decoder output.

3 For FastMRI-C, the set used in the final test is reduced to  = {16, 12,
0, 8, 6, 5, 4, 3}, as the quality estimator failed to converge for the other 4

undersampling ratio.
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Fig. 4. Some slices from the first volume of both FastMRI and IXI datasets. Slice index for FastMRI are, in order, [5, 15, 25, 35], while for IXI slice indexes are [30, 60, 90, 130]. These
sequences show how a volume is made by images of different information content. For improved visualization, all images have been linearly rescaled to enhance visual contrast.
Fig. 5. Sampling pattern for the four use-cases. Each pixel of the image is a sample of
the k-space, that is painted proportionally with the undersampling ratio 𝑠 at which it
is acquired. The higher the associated undersampling ratio (the sooner it is acquired),
the brighter the pixel.

• Structural Similarity Index:

SSIM(𝒙, 𝒙̂) = (2𝜇𝒙𝜇𝒙̂ + 𝑐1)(2𝜎𝒙𝒙̂ + 𝑐2)
(𝜇2𝒙 + 𝜇2𝒙̂ + 𝑐1)(𝜎2𝒙 + 𝜎2𝒙̂ + 𝑐2)

(13)

where 𝜇𝒙 and 𝜇𝒙̂ are defined as local averages for the original
and reconstructed images, 𝜎𝒙 and 𝜎𝒙̂ are the local variances, while
𝜎𝒙𝒙̂ is the local covariance between the decoder output and the
ground-truth. local means computed on sliding windows with size
11 × 11 where each pixel is weighted with a Gaussian weight with
standard deviation 1.5 pixels. In the above formula, 𝑐1 = (𝑘1𝐷)2

and 𝑐2 = (𝑘2𝐷)2, where 𝐷 is the dynamic range of the pixel values,
𝑘1 = 0.01 and 𝑘2 = 0.03 as suggested in [54].

4.4. Introduction to experiments

To demonstrate the effectiveness of our proposed method, we con-
ducted a series of experiments designed to evaluate different aspects
of the acquisition and reconstruction process. The experiments revolve
around three main axis:

• Plausibility: we display all the sampling patterns (acquisition
masks) in a single figure, with patterns corresponding to higher
undersampling ratios (𝑠). We also display some real reconstructed
images.

• Quantify the Advantages: we show the improvements in terms
of acceleration achieved by our method for different reconstruc-
tion quality targets. We explore such advantages both in terms
6 
of reconstruction quality and undersampling ratios for a fixed
acquisition target.

• Quality Estimation Analysis: we assess the performances of the
quality estimator and the validity of the chosen metric for quality
estimation.

In this section, we evaluate three distinct approaches to MRI acqui-
sition:

• Oracle-based approach: This approach assumes perfect knowledge
of the target quality for the reconstructed image and selects the
optimal undersampling ratio 𝑠 to meet the specified quality. The
values of 𝑠 are derived according to the solution of Eq. (5). This
serves as a theoretical upper bound for comparison.

• Incremental approach: In this method, the undersampling ratio is
progressively increased based on real-time quality estimates, as
outlined in Algorithm 1. This approach reflects a more practical
and adaptive acquisition process that adjusts based on the slice
being acquired.

• Classic acquisition approach: This strategy uses a single, fixed un-
dersampling mask with a predetermined value 𝑠̃. In this method,
the undersampling ratio does not change during the acquisition,
providing a baseline for comparison.

For consistent comparison across all methods, we define the min-
imum quality threshold, 𝑞min, as the lowest acceptable reconstruction
accuracy observed over the test set. The oracle-based approach sets
the benchmark, while the incremental approach represents a realistic,
adaptive solution that dynamically adjusts the acquisition process.

4.5. Results

In this section, we present the experimental results comparing
the performance of the proposed methods across different acquisition
strategies. The results are discussed in terms of undersampling ratios,
reconstruction quality, and quality estimation accuracy. Below, we
detail key observations from our experiments.

Fig. 5 associates to every frequency in 𝒚 its corresponding 𝑠, for all
the four use cases. Frequencies associated with higher 𝑠 are acquired
before frequencies associated with lower 𝑠. We notice that central
frequencies are always acquired first. Also, drastic structure changes
between use cases become evident, highlighting the adaptability of the
model to different classes of signal.

Fig. 5 illustrates the relationship between the frequency in 𝑦 and its
corresponding undersampling ratio 𝑠 for all four use cases. Frequen-
cies associated with higher 𝑠 values are acquired first, with central
frequencies always being prioritized. This reflects the adaptability of
the model to different signal classes, as evidenced by the structural
changes between use cases.

Results in terms of 𝑠, as a function of 𝑞min
[

MAE−1
d𝐵
]

, are shown in
Fig. 6. For all approaches, 𝑞 is monotonic with respect to 𝑠. The
min
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Fig. 6. 𝑠 (average 𝑠 over the test set) for incremental acquisition and 𝑠̃ for the classic
acquisition, are plotted for many different 𝑞min. 𝑠 is displayed for both the oracle-based
and incremental acquisition; and for the four selected use cases.

Table 1
𝑠 for incremental and classic acquisitions, for different 𝑞min, for all the use cases.
𝑞min 𝑠: incremental/classic
[

MAE−1
dB
]

FastMRI-U FastMRI-C IXI-U IXI-C

38 49.4 / 32.0 12.6 / 8.0 20.1 / 10.00 9.3 / 5.25
39 39.0 / 20.0 11.2 / 8.0 17.4 / 8.00 8.6 / 5.00
40 19.6 / 12.0 8.7 / 6.0 15.8 / 7.50 8.2 / 4.50
41 15.4 / 8.0 7.4 / 5.0 13.0 / 7.00 7.4 / 4.50
42 9.1 / 5.0 6.3 / 4.0 12.0 / 6.75 6.8 / 3.75
43 7.1 / 4.0 4.7 / 3.0 10.9 / 6.00 6.2 / 3.50
44 4.7 / 3.0 3.9 / 3.0 9.7 / 5.50 5.6 / 3.25

reported undersampling ratio values are computed as the inverse of the
average of the acquisition rates 𝑟 over the entire test set:

𝑠 =

(

1
𝐿

𝐿−1
∑

𝑗=0
𝑟∗𝑗

)−1

(14)

with 𝐿 representing the magnitude of the test set and 𝑟∗ = 1∕𝑠∗.
Reported results evidence that, fixed 𝑞min, an undisputed superiority

f the incremental acquisition in terms of undersampling ratio can
e seen for all four use cases. The distance between the incremental
nd the oracle-based curves is a first index of the quality assessment
lock performances. Because 𝑄̂(𝒛, 𝒙̂,𝒙) inevitably introduces errors, the
ncremental curve tends to be lower than the oracle-based curve.

Table 1 compares, for all the use cases, the incremental approach
𝑠 with the classic approach 𝑠̃, for some fixed reference 𝑞min. These
numerical results give a more precise idea of the magnitude of the
improvement that the incremental acquisition brings. As expected, the
table also highlights how the improvements for the Line-Constrained
cases are smaller than the improvements for the Unconstrained cases.
It is reasonable to link this performance drop with the fewer degrees of
freedom that the Line-Constrained trajectories leave to the encoder.

Fig. 7 displays the reconstruction quality 𝑄 for the acquisition of 5
olumes of the FastMRI and IXI test set with fixed 𝑞min = 40 dB. On the
-axis are the indexes of every slice of the 5 volumes while on the 𝑦-axis
s the reconstruction quality in terms of MAE−1

dB. The periodicity reflects
the anatomical volume structure, as observable in Fig. 4. As the slices

ove through the volume, they transition from less detailed regions
7 
that are simpler to reconstruct (i.e., higher PSNR) to more complex
areas (i.e, lower PSNR), and back to simpler regions. The concatenation
of 5 volumes results in pseudo-periodic variations in PSNR. This effect
is more pronounced in the classic acquisition method, which applies a
fixed undersampling ratio across all slices. Conversely, the incremental
acquisition curve adapts 𝑠 to the slice complexity and tends to have a
PSNR closer to 𝑞min.

The classic and the incremental acquisition curves distance them-
selves more in the volume tails than in the volume centers. This
demonstrates the ability of the incremental acquisition to adapt to the
information content of slices, in fact, higher 𝑠 are adopted when the
nformation content is poor (at the extremities of the volumes). Due to
he error in the assessment of the achieved quality of reconstruction,
he incremental tends to over-sample the central slices, hence diverging
rom the optimal oracle-based trend, which is well spread just above the
arget quality line.

To further stress this aspect, Fig. 8 visually compares the resulting
ndersampling ratios 𝑠 of the three approaches for 𝑞min = 40 dB. Here,
he curve associated with the classic acquisition becomes a horizontal
ine (𝑠̃), while the curves associated with the adopted approaches
isplay an accentuated step-like trend. The incremental is always below
he oracle-based, and only sporadically below the classic acquisition
orizontal line. Once again, this highlights the adaptability and superi-
rity of the incremental acquisition. The figure also reports the average
ndersampling ratios over the whole test set for both adapted solutions

with two dashed lines.
We report results in terms of MAE−1

dB because MAE characterizes the
oss function used to train 𝜸,𝜽 (as in [24]). Further to that, we discuss

the mapping between MAE−1
dB and the other two metrics presented in

Section 4.3. The scatter plot in Fig. 9 associates, for every slice in
the test set, the reconstruction quality in terms of MAE−1

dB with the
reconstruction quality in terms of both PSNR (first row) and SSIM
(second row). Such comparison is done for images acquired with three
different target qualities (represented with a different color).

Interestingly enough, these results confirm that the incremental
acquisition, by forcing a target 𝑞min in terms of MAE−1

dB, influences the
reconstructed slices in terms of both PSNR and SSIM. We also observe
that, in case of FastMRI, there is a strong connection between the
MAE−1

dB and the other two metrics.
Finally, we investigate the performances of the quality assessment

𝑄̂(𝒛, 𝒙̂,𝒙) when estimating MAE−1
dB. A figure of merit is obtained by

omputing the absolute error, i.e., we compute 𝜁 = 1
𝐿
∑𝐿−1
𝑗=0 |𝑄(𝒙𝑗 , 𝒙̂𝑗 ) −

𝑄̂(𝒛𝑗 , 𝒙̂𝑗 ,𝒙𝑗 )|. The results for all the quality assessment models are
displayed in Fig. 10. The plots show, in general, a growing difficulty
n the quality estimation with the growth of 𝑠.

The encoder–decoder network processes images in 4.3 ms (FastMRI)
nd 2.7 ms (IXI) on average using an NVIDIA A100 GPU. The quality
stimator adds 0.78 ms (FastMRI) and 0.36 ms (IXI), resulting in total
rocessing times of 5.1 ms and 3.1 ms, respectively. In terms of Multiply
nd Accumulate (MAC) operations, it requires 85 M MAC and 54 M MAC
o estimate the quality of a Fast MRI and IXI image respectively.

Before conclusion, in Fig. 11 we visually compare some slices ac-
uired with classic and incremental acquisitions, where 𝑞m𝑖𝑛 = 43 dB.

Every image also reports (in red) the undersampling ratio 𝑠 and the
real reconstruction quality. As expected, classic-acquired slices share
the same 𝑠. Conversely, the acceleration 𝑠 in incrementally-acquired
slices varies depending on the information content. We observe that
when a sufficiently high 𝑞min is chosen, incremental acquisition enables
faster acquisitions at the cost of a negligible quality degradation. In fact,
s observed in the figure, no degradation is perceivable even when the
ualities differ more than 3 dB and similar behavior is observed in the
est of the dataset. Fig. 12 further proves the analysis. In this figure, we

visualize the absolute difference between the reconstructed image and
the ground truth, where the color scale (from black to pink to white)
highlights the areas of minimal to maximal differences, respectively.
In fact, incremental acquisition introduces no significant perceivable
degradation, with differences being minimal even when reconstruction
quality varies by more than 3 dB.
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Fig. 7. Quality of the slices with classic, incremental, and oracle-based incremental acquisitions, given a target quality 𝑞min = 40MAE−1
dB (solid horizontal line) for all use cases

FastMRI-U, FastMRI-C, IXI-U, IXI-C. FastMRI displays all the volumes of the test set, while IXI displays a subset of five volumes.

Fig. 8. Undersampling ratio 𝑠 of the slices with classic, incremental and oracle-based incremental acquisitions, given a target quality 𝑞min = 40MAE−1
dB for all use cases FastMRI-U,

FastMRI-C, IXI-U, IXI-C. The average 𝑠 over the whole test set is reported with dashed lines. FastMRI displays all the volumes of the test set, while IXI displays a subset of five
volumes.

Fig. 9. PSNR and SSIM as a function of MAE−1
dB , for every sample of the test set, for incremental acquisition, for three different target qualities.
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Fig. 10. Estimation error in terms of 𝜁 or all the implemented quality estimators. The central line within each box represents the median, while the edges of the box correspond
to the 1st and 3rd quartiles. Whiskers extend to the 1st and 99th percentiles.
Fig. 11. Classically and incrementally acquired test slices with indexes [5, 15, 25, 35] for the FastMRI dataset, and [30, 60, 90, 130] for the IXI dataset. In red, the acquisition
undersampling ratio 𝑠 and the real reconstruction quality 𝑄(𝒙, 𝒙̂)[dB]. For improved visualization, all images have been linearly rescaled to enhance visual contrast.
Fig. 12. Absolute difference between classically and incrementally acquired slices w.r.t. the ground truth slices. We use slices from the test set which indexes are [5, 15, 25, 35] for
the FastMRI dataset, and [30, 60, 90, 130] for the IXI dataset. In red, the acquisition undersampling ratio 𝑠 and the real reconstruction quality 𝑄(𝒙, 𝒙̂)[dB]. For improved visualization,
all images have been linearly rescaled to enhance visual contrast.
5. Conclusion

We present a novel acquisition method able to adapt the sampling
rate of the inference acquisition. We divide the generic slice acquisi-
tion into 𝑁 temporally ordered batches, where each batch acquires a
portion of the k-space. At the end of every batch, a new reconstructed
slice is computed and its reconstruction quality is estimated via a neural
9 
predictor. Because every batch brings more information, the quality
monotonically improves batch after batch. The acquisition terminates
after a certain target quality is reached with a number of iterations that
is, in general, lower than 𝑁 .

We test the method on a deep neural state-of-the-art encoder–
decoder [24] demonstrating how our acquisition method is able to
reach the target quality with a sensibly higher acceleration than the
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standard acquisition. In particular, tests have been carried out on the
FastMRI dataset and on the IXI dataset for both Unconstrained and
ine-Constrained sampling strategies.

Because our method relies on the use of a quality estimator, we give
a detailed description of the adopted architecture. We also prove that,
n the considered cases, the adoption of the proposed neural quality
stimator returns an overall performance close to the one observed with
n oracle-based solution.

Our current approach focuses on single-coil reconstructions for sim-
licity, but integrating multi-channel coils could enhance performance
y utilizing the spatial sensitivity profiles of each coil. Additionally,
hile our method outputs real-valued images, this may lead to the loss
f phase information present in complex-valued images. A potential
nhancement would be to produce complex-valued outputs. These are
romising directions for future work.

The total processing time achieved by our method is 5.1 ms for
the knee slices of 320 × 320 samples and 3.1 ms for brain slices of
256 × 256 samples. These runtimes, which include both reconstruction
and quality assessment, are shorter than the typical Echo Times (TE) re-
ported for conventional MRI sequences, which range from 22 to 65 ms
for conventional Spin Echo sequence knee acquisition protocols [30].
This suggests that our method could be potentially integrated into real-
time MRI acquisition pipelines, enabling dynamic adjustments to the
undersampling ratio.
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