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Uconnect: Synergistic Spectral CT Reconstruction
with U-Nets Connecting the Energy bins

Zhihan Wang, Alexandre Bousse, Member, IEEE, Franck Vermet, Jacques Froment, Béatrice Vedel, Alessandro
Perelli, Jean-Pierre Tasu, Dimitris Visvikis, Fellow, IEEE

Abstract—Spectral computed tomography (CT) offers the possi-
bility to reconstruct attenuation images at different energy levels,
which can be then used for material decomposition. However,
traditional methods reconstruct each energy bin individually
and are vulnerable to noise. In this paper, we propose a
novel synergistic method for spectral CT reconstruction, namely
Uconnect. It utilizes trained convolutional neural networks (CNNs)
to connect the energy bins to a latent image so that the full
binned data is used synergistically. We experiment on two types
of low-dose data: simulated and real patient data. Qualitative
and quantitative analysis show that our proposed Uconnect
outperforms state-of-art model-based iterative reconstruction
(MBIR) techniques as well as CNN-based denoising.

Index Terms—Spectral CT, Deep learning, Synergistic Recon-
struction, Regularization

I. INTRODUCTION

SPECTRAL CT is fast becoming an important technology
in medical imaging for its potential to differentiate between

different types of tissues and structures based on their unique
spectral properties [1]. Its applications include lesion detection
[2], material decomposition [3], [4], automated bone removal
[5], etc. As an emerging technology to implement photon-
counting CT (PCCT) imaging, photon-counting detectors
(PCDs) are capable of collecting multiple sets of measured
data with different spectral information in a single exposure
by distinguishing photon energies during data acquisition. On
the other hand, with the increasing number of energy bins, the
number of X-ray photons in each energy bin is limited, which
reduces signal-to-noise ratio in spectral projections acquired by
PCDs. At the same time efforts to reduce radiation dose, largely
motivated by the introduction of potential clinical applications
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Occidentale, Brest, France, and also with Univ Brest and Université Bretagne
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such as lung cancer screening, are associated with decreasing
number of projection angles and/or reduced X-ray source flux.
In this situation, traditional analytic reconstruction methods
such as filtered backprojection will cause severe artifacts and
noise. Therefore, many studies have focused on developing
methods to improve the reconstruction quality.

Over the past few years, several sparsity-exploiting methods
have been applied to low-dose CT reconstruction, such as total
variation (TV) [6]–[8], dictionary learning (DiL) [9], and total
generalized variation [10]. These methods can be extended to
PCCT by applying the sparse regularization to each energy bin
separately. However, this kind of strategy ignores dependencies
between images acquired at different energy bins, which may
lead to suboptimal results. Many algorithms, thus, have been
proposed to take advantage of the similarities between different
energy bins.

Synergistic regularization terms have been designed to
promote structural similarities across channels. Examples
include joint TV (JTV) [11], [12] which promotes joint sparsity
of the gradients of images, total nuclear variation (TNV) [13],
[14] which encourages gradient-sparse solutions in the same
way as the conventional TV and also favors solutions that have
common edge directions in all channels, and parallel level
sets (PLS) [15] which promotes images with similar contours.
In addition, the low-rank property is often used as a prior
assumption to exploit the correlation among different energy
bins. Specifically, the spectral CT data can be represented as a
low-rank matrix, where each row corresponds to an energy bin
and each column corresponds to a voxel in the image. In this
way, it is possible to obtain more accurate and robust spectral
CT images during reconstruction [16]–[19]. Another class of
approach consists in enforcing structural similarities with a
reference clean image [20]–[23].

Synergistic regularization can also be trained as opposed to
the use of a fixed analytical model. Tensor DiL (TDiL) [24]–
[26] has also emerged as a promising technique for spectral
CT reconstruction. It is a powerful extension of traditional
dictionary learning, where instead of representing the data using
a single dictionary, a collection of dictionaries is learned, such
that information can be conveyed across channels. However,
they rely on the patch-based sparse representation that may be
suboptimal as the trained atoms are often shifted version of each
other. To remedy this problem, multichannel convolutional DiL
techniques can be deployed [27]. More details can be found
in a recent review [28].

Recently, there has been growing interest in applying deep
learning (DL) techniques to CT reconstruction [29]–[31].
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Several studies have shown promising results using various DL
architectures, such as CNNs, generative adversarial networks,
autoencoders, and unrolling architectures. However, few inves-
tigations have been carried out in the domain of spectral CT.
For example, [32], [33] have proposed DL-based spectral CT
multichannel post-processing techniques. Recently, an unrolling
architecture, namely SOUL-Net [34], was proposed. However
the training of such models is challenging, especially with a
large number of channels.

In this paper, we propose a novel spectral CT reconstruction
technique, namely Uconnect, where images at each energy
bin are connected to a reference image by a collection of U-
Nets. We considered the case of PCCT with 6 energy bins,
although our method can also be applied to dual-energy CT.
The training is performed on an image basis, and therefore does
not require a computationally expensive supervised training for
sinogram-to-image mappings such as unrolling architectures.
The U-Nets are pretrained on a separate dataset to map the
attenuation image at a reference energy to other energies and
are incorporated into a plug-and-play penalty term which can
be used in any MBIR, for any system geometry. To the best
of our knowledge, this is the first method that employs a
deep-learned penalty for synergistic MBIR. This work follows
previous work we presented at the 2022 IEEE Medical Imaging
Conference [35].

The rest of the paper is structured as follows. Section II
briefly reviews the physical model and several existing ap-
proaches for spectral CT reconstruction, and presents the details
on our proposed approach Uconnect. Section III shows the
details of experiments on synthetic data and real patient data,
as well as qualitative and quantitative comparison results with
other representative approaches. Section IV discusses several
technical issues, while Section V provides our concluding
remarks.

II. METHODS

A. Forward Model
In this work we consider a standard PCCT set-up. We

consider 2-dimensional (2-D) images, although the proposed
method can generalize to the 3-dimensional case.

The discrete anatomical image takes the form of an energy-
dependent vector x(E) = [x1(E), . . . , xJ(E)]

⊤ ∈ RJ , where
for all j = 1, . . . , J , xj(E) is the linear attenuation at pixel j
and energy E, and J is the total number of pixels (or voxels)
in the image, and ‘⊤’ denotes the matrix transposition.

The spectral CT system performs measurements along a
collection of I rays (from the source to the detectors), with I =
Nd×Ns, Nd and Ns being respectively the number of detectors
and the number of source positions. The measurements are
regrouped into K energy bins, each bin k corresponding to an
interval [Ek−1, Ek] with E0 < E1 < · · · < EK . For each bin
k = 1, . . . ,K and each ray i = 1, . . . , I , the expected number
of detected photons is given by the Beer-Lambert law as

ȳi,k(x) =

∫ +∞

0

hk (E) · e−[Ax(E)]i dE (1)

where hk : R+ → R+ is the photon flux X-ray intensity asso-
ciated to energy bin k. For simplicity we ignored background

events such as scatter but they can be incorporated in the model
without affecting the rational of the proposed approach. The
matrix A ∈ RI×J is the system matrix modeling line integrals
along each beam in the discrete case, and for ray i and pixel
j, [A]i,j is the contribution of pixel j to beam i.

Instead of reconstructing x(E) as a function of E, we
reconstruct a multichannel image {xk} ∈

(
RJ

+

)K
where for

each k = 1, . . . ,K the image xk is an “average” attenuation
image corresponding to energy bin k, using the simplified
forward model

ȳi,k (xk) = h̄k · e−[Axk]i (2)

where h̄k =
∫
hk (E) dE is the mean photon flux X-ray

intensity for energy bin k. The number of detected photons at
each bin k and ray i is modeled as a Poisson random variable
denoted yi,k, i.e.,

yi,k ∼ Poisson (ȳi,k (xk)) , (3)

and for all i, i′, k, k′, yi,k and yi′,k′ are independent if (i, k) ̸=
(i′, k′). We denote by yk = [y1,k, . . . , yI,k]

⊤ ∈ RI the vector
of measurement at bin k.

B. Conventional Reconstruction

Each xk can be reconstructed by minimizing the negative
log-likelihood of the measurement yk. To simplify the recon-
struction, we approximate the negative Poisson distribution with
weighted least squares (WLS) loss function Lk as proposed in
[36]:

Lk (xk) =

I∑
i=1

1

2
yi,k ([Axk]i − bi,k)

2 (4)

=
1

2
∥Axk − bk∥2Wk

(5)

with bk = [b1,k, . . . , bI,k]
⊤, bi,k = log

(
h̄k/yi,k

)
, where we

assumed yi,k > 0 for all (i, k), and Wk = diag {yk} is a
diagonal matrix of statistical weights. Finally, each xk can be
reconstructed by penalized WLS with positivity constraint:

x̂k = argmin
xk∈RJ

+

Lk (xk) + βR (xk) (6)

where β > 0 is a weight and R is an edge-preserving
regularization term. A popular choice is the Huber regularizer
which enforces piecewise smoothness [37], defined as

RH(x) =

J∑
j=1

∑
l∈Nj

ωj,lψδ (xj − xl) , (7)

ψδ(t) =

{
1
2 t

2 if |t| ≤ δ
δ|t| − 1

2δ
2 otherwise

where δ > 0, Nj is the index set of the neighbor of pixel j,
and ωj,l is the inverse Euclidean distance between j and l.
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C. Synergistic Penalties: Existing Approaches

Instead of reconstructing each xk independently following
(6), the entire collection of images {xk} can be reconstructed
simultaneously in a single optimization problem as

{x̂k} = argmin
{xk}∈(RJ

+)
K

K∑
k=1

Lk(xk) + βRsyn ({xk}) (8)

where in this case Rsyn is a synergistic regularization term for
the multichannel image {xk}. Note that the sum of the Lks can
be weighted in order to equally smooth the xks. In this section
we describe existing categories of methods for spectral CT
reconstruction and we highlight the methods we implemented
for comparison with our proposed approach outlined in the
following section II-D.

A first category of methods consists in using a regularizer that
enforces structural similarities between channels. An example
is JTV, whose regularizer is defined as

RJTV ({xk}) =
J∑

j=1

√√√√ K∑
k=1

∥∥∥[∇xk]j

∥∥∥2
2

(9)

where ∇ : RJ →
(
RJ

)2
denotes the discrete gradient. This

promotes joint sparsity of the gradient of the xks. Other
examples include TNV [13], [14] and PLS [15].

A second category involves controlling the rank of the
multichannel image to promote linear dependencies between
the channels. It makes sense to assume some form of “low
rankness” due to the fact that the energy dependency of
human tissues can be expressed as a linear combination of
only two materials. In [38], a low-rank and sparse (LRS)
decomposition was proposed for the multichannel image matrix
X = [x1, . . . ,xK ] ∈ RJ×K such that X = L + S, where
the low-rank matrix L represents the underlying structure or
common information between channels and the sparse matrix S
reflects distinct spectral features across channels. A synergistic
penalty is then defined as

RLRS (X) = γ ∥L∥∗ + ∥TS∥1 (10)

where T is a sparsifying transform (such as the gradient or a
wavelet transform) with γ > 0 and the nuclear norm ∥ · ∥∗ is
a convex relaxation of the rank for an efficient optimization.
The method aided by self-similarity in image-spectral tensors
(ASSIST) in [19] is a generalization of this approach that
selects the M most similar d-dimensional patches within a
search window of a clean reference (or prior) image xprior,
to form a collection of d×M ×K tensor units of which the
nuclear norm is computed.

A third category of methods consists in reconstructing each
channel xk independently by solving (6) with a single-channel
penalty that enforces similarities with a reference low-noise
prior image xprior ∈ RJ [20]–[23]. For example in [20] the
directional TV (DTV) regularizer promotes common edge
directions with the prior image, and is defined for all x ∈ RJ

as

RDTV(x) =

J∑
j=1

∥Πj [∇x]j∥2 (11)

where Πj = I − ξj ⊗ ξj , I being the 2 × 2 identity matrix
and ⊗ being the outer product of vectors, and

ξj = η
[∇xprior]j√

∥[∇xprior]j∥22 + ϵ
(12)

with ϵ > 0 avoiding singularities when [∇xprior]j = 0, and η <
1 depending on how much influence xprior has. In particular,
we observe that [39](

1− η2
)
RTV ≤ RDTV ≤ RTV (13)

where the TV regulariser RTV corresponds to RDTV with
Πj = IR2 for all j, and the lower bound is reached when
[∇x]j and ξj are collinear for all j. RDTV(x) is minimized
when the gradient vanishes and therefore potential artifacts in
xprior do not propagate in the reconstructed image. Similar
approaches include [23], [40], [41] which use the gradient of
the difference between each xk and xprior. The choices of
xprior will be discussed in Section III.

D. Proposed Learned Synergistic Penalty: Uconnect

The traditional regularization techniques presented in Sec-
tion II-C enforce a fixed handcrafted penalty on the recon-
structed image due to certain assumptions about its structure,
such as sparsity or smoothness. However, these assumptions
may not always be valid in practice. By contrast, learned
penalty functions adjust adaptively according to the data’s
specific characteristics, providing more accurate and adaptable
reconstructions.

1) General principle: Learned synergistic penalties can be
derived from multichannel DiL [24], which consists in training
a collection of dictionaries D1, . . . ,DK , i.e., over-complete
bases comprising S atoms, to approximately represent each
image xk with a fraction of their columns with a single sparse
code z ∈ RS , that is to say, xk ≈ Dkz for all k, in order to
convey the information across channels. Unfortunately, a large
number of atoms is required to accurately represent all possible
spectral images, which can compromise training. Therefore,
to reduce the complexity, the image is split into P smaller
d-dimensional “patches” with d≪ J . The synergistic penalty
is therefore defined as follows:

Rdict ({xk}) = min
{zp}∈(RS)P

K∑
k=1

P∑
p=1

1

2
∥Ppxk −Dkzp∥22

+ α∥zp∥q (14)

where Pp ∈ Rd×J is the pth patch extractor, Dk ∈ Rd×S

is the kth trained dictionary, zp ∈ RS is the sparse coding
(same for all channel k), ∥ · ∥q is either the ℓ1-norm or the
ℓ0 semi-norm, and α > 0. In [24] the authors used tensor
dictionaries to represent the spectral image based on canonical
polyadic decomposition, which is similar to (14). Similar
coupled dictionary models have been used in multimodal
imaging synergistic reconstruction, for example in positron
emission tomography (PET)/magnetic resonance imaging (MRI)
[42], [43] and multi-contrast MRI [44].

Despite the possibility to extract patches at random locations
over the image, patch-based DiL may suffer from inefficiency
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due to the shift-variant nature of the atoms that can generate
duplicates during training. Furthermore, the utilization of many
neighboring/overlapping patches across the training images
is not optimal for sparse representation, as sparsification is
performed independently on each patch.

In this work we propose an alternative to patch-based DiL.
We assume that each image xk is acquired from a single object
z ∈ RN (non necessarily sparse), N being the dimension of
the latent space (in DiL N corresponds to the number of atoms
S), with a collection of trained CNNs {fk}, such that

fk(z) ≈ xk, ∀k = 1, . . . ,K . (15)

The mappings {fk} play the role of the “non-linear” dictio-
naries for the entire image (without patches), which connect
all energy bins through z. The proposed joint regularization
term is therefore defined as

RNN ({xk}) = min
z∈RN

K∑
k=1

1

2
γk ∥fk(z)− xk∥22+αH(z) (16)

where H is a penalty term on z. This representation is a
generalization of (14) with non-linear mappings {fk} instead
of dictionaries, and without patch extraction. The regularizer
RNN ({xk}) is small if (i) each image xk is close to fk(z)
for some z and (ii) z is piecewise smooth (in the sense of
H). By doing so, the xks are “connected” via a single latent
variable z, (cf. the schematic representation of the generative
model in Fig. 1) such that each xk is reconstructed using the
entire measurement data at each energy bin.

The role of the γks is to give more weight to less noisy
images. A logical choice would be γk = ∥yk∥1/

∑
k ∥yk∥1.

However, most of the counts come from the rays that do
not intersect the patient, and hence this approach does not
account for the loss of counts due to higher attenuation.
We therefore define γk = ∥y̌k∥1/

∑
k ∥y̌k∥1 through manual

experimentation, where y̌k ∈ RI′
, I ′ < I , is the vector

composed of the smallest first quarter of yk in order to only
account for rays intersecting the patient.

z

x1

x2

x3

y1

y2

y3

latent
image

attenuation images
at different energies

CT binned data

f1

f2

f3

CT Scan

Fig. 1. Schematic representation of our generative model with K = 3 energy
bins.

The training of the fks can be unsupervised, for exam-
ple using Wasserstein GANs (W-GANs) [45] or variational
autoencoders (VAEs) [46] with some latent variable z that
has no physical interpretation. However, this training can be
challenging for a large number of channels K as the fks
must be jointly trained. We therefore propose the following
alternative. Our method, namely Uconnect, consists of “con-
necting” the energies by the mean of image-to-image U-Nets

[47] fk : RJ → RJ trained in a supervised fashion to map a
CT image at energy bin 1 to energy bin k, that is to say1,

fk(x1) ≈ xk, ∀k = 1, . . . ,K , (17)

In this model, the latent variable is an image, and the dimension
of the latent space is N = J . This approach is somehow similar
to the CNN representation proposed in [48] for PET, in the
sense that they both assume that the images are outputs of
some CNNs trained with clean images as target in order to
reduce the noise. However, our method utilizes a single input
z for all images, thus further reducing the noise as we will
show in Section III-A2 and Section III-B2. In addition, the
generative model is used within a penalty term, which is less
constraining than the strict equality x = f(z) used in [48].

The choice of the reference image z ≈ x1, i.e., the lowest-
energy bin, is not arbitrary. It is generally accepted that CT
images of the same anatomical part but acquired at different
energies exhibit similar patterns despite different attenuation
values. To take advantage of this similarity, we designated the
CT image obtained from the lowest-energy bin as the reference
image owing to the fact that low-energy attenuation images
contain more features than high-energy ones, therefore high-
energy to low-energy mappings would have to be trained to
reveal features, which is more challenging than the other way
around. By leveraging this approach, the shared characteristics
across energy levels can enhance the accuracy and quality of
spectral CT reconstructions. Note that the model (17) does
not replicate the exact physics, as the attenuation at each
energy cannot be predicted from a single image; the material
decomposition should be used to generate the virtual mono-
energetic images (VMIs), followed by an averaging over each
energy bin. However, as we will show in Section III, the
lowest-energy image can reasonably predict the images at
other energies. Similar observation was made in [49].

To finish, z is an image and therefore the penalty function
H can be any image regularizer such as RH (7), or even RDTV

(11).
2) Training and Implementation: In this work, K mappings

{fk} need to be trained for each energy bin k = 1, . . . ,K. The
overall network architecture of the U-Net structure we consider
for each fk is shown in Fig. 2. This CNN has 23 convolutional
layers in total. The number of trainable parameters is around
30 millions. The training is performed using a collection of

L spectral CT images
{
xtrain
k,l

}K,L

k,l=1
, xtrain

k,l representing the

CT image at bin k from the lth dataset. Since the attenuation
values vary across energy bins we introduced scaling factors
sk,l in order to facilitate training, such that

fk

(
xtrain
1,l

)
≈ sk,lx

train
k,l , ∀k = 1, . . . ,K, ∀l = 1, . . . , L

(18)

with sk,l =
∥xtrain

1,l ∥1

∥xtrain
k,l ∥1

. We consider
{
xtrain
1,l

}L

l=1
as input images

and
{
xtrain
k,l

}K,L

k,l=1
as their corresponding target images. L is

1An alternative to RNN consists in dropping the latent variable z, i.e.,
Ralt

NN ({xk}) =
∑K

k=2
1
2
γk ∥fk(x1)− xk∥22 + αH(x1). Note that this

penalty is limited image-to-image CNNs while RNN in (16) can use any
generative model defined on a latent space.
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8
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25

6

64 64 64 64

51
2

conv 3×3 + BN + ReLU

max pool 2×2

up-conv 2×2

concatenation

Fig. 2. U-Net architecture used for the fk .

the amount of labeled data for training. Note that we also train
the network for k = 1, i.e., bin 1 to bin 1, in order to take
advantage of the denoising properties of the fk. The training
was achieved with mean squared error and Adam optimizer.

To account for the scaling factors, a modified version of the
synergistic penalty (16) is used for our experiments as follows:

RNN ({xk}) = argmin
z∈RN

K∑
k=1

1

2
γk ∥fk(z)− ŝkxk∥22 + αH(z)

(19)
where ŝk is an estimated scaling factor, which can be obtained
from scout reconstructions, for example by solving (6) for each
bin independently. Note that this factor is object-dependent,
although we treat it here as a constant.

3) Reconstruction Algorithm: Solving (8) using the syner-
gistic penalty (19) is performed by alternating minimization
with respect to z and {xk}, i.e., given the estimates

{
x
(n)
k

}
and z(n) at iteration n, the new estimates at iteration n + 1
are given by

z(n+1) = argmin
z∈RJ

+

K∑
k=1

1

2
γk

∥∥∥fk(z)− ŝkx
(n)
k

∥∥∥2
2
+ αH(z)

(20)

x
(n+1)
k = argmin

x∈RJ
+

Lk(x) + βγk
1

2

∥∥∥fk

(
z(n+1)

)
− ŝkx

∥∥∥2
2
,

∀k = 1, . . . ,K (21)

We treat each sub-problem with iterative algorithms.
When H is differentiable (e.g., H = RH), the z-update

(20) is achieved with a limited-memory Broyden-Fletcher-
Goldfarb-Shanno (L-BFGS) algorithm [50] (initialized from
z(n) ) with non-negativity constraints, which is a quasi-Newton
optimization algorithm that only requires the gradient of the
objective function. We used the GradientTape function
in TensorFlow to compute the gradient of a function with
respect to its input variables. When H is non-differentiable
(e.g., TV), the minimization can achieved with a Chambolle-
Pock algorithm [51], combined with L-BFGS for the proximal

of
∥∥∥fk(·)− ŝkx

(n)
k

∥∥∥2
2
.

For the xk-update (21), we used a separable quadratic
surrogate (SQS) algorithm [36], i.e., using a diagonal matrix
Hk that majorizes A⊤WkA (e.g., Hk = diag(A⊤WkA1)

where 1 is a vector containing 1 only, see [52]). Let x(n,m)
k be

the current estimate at iteration n, sub-iteration m. The new
image at sub-iteration m+ 1 is given by

x̃k = x
(n,m)
k −H−1

k A⊤Wk

(
Ax

(n,m)
k − bk

)
x
(n,m+1)
k =

[
Hkx̃k + βγkŝkfk

(
z(n+1)

)
Hk + βγkŝ2k

]
+

(22)

where [·]+ denotes the positive part of a vector.
We summarize the reconstruction steps in Algorithm 1.

Before the main loop that alternates minimization with respect
to z and {xk}, we initialize

{
x
(0)
k

}
either by images of value

0 or by preliminary images {x̂k} reconstructed individually
using WLS without penalty for faster convergence. Similarly,
z(0) can be initialized by x

(0)
1 . The convergence speed of the

algorithm depends on β. Since RNN is non-convex, proving
the convergence is challenging. However, we observed in our
experiments that the algorithm converges, even for large values
of β.

Algorithm 1: Algorithm for multi-energy CT recon-
struction with Uconnect

Input: System matrix A; Measurements {yk}; Initial images{
x
(0)
k

}
; Initial latent image z(0); Trained mappings: {fk};

Scaling factors: {ŝk}; Weights: {γk}, α, and β.
Output: Reconstructed images {x̂k}.
Hk ←

{
diag

(
A⊤WkA1

)}
, k = 1, . . . ,K ;

for n = 0 to Nouter − 1 do

z(n+1) ← argminz
∑

k
1
2
γk

∥∥∥fk(z)− ŝkx
(n)
k

∥∥∥2
2
+ αH(z)

(using L-BFGS initialized with z(n)) ;
for k ← 1 to K do

x
(n,0)
k ← x

(n)
k ;

for m = 0 to Ninner − 1 do
x̃k ← x

(n,m)
k −H−1

k A⊤Wk

(
Ax

(n,m)
k − bk

)
x
(n,m+1)
k ←

[
Hkx̃k+βγk ŝkfk

(
z(n+1)

)
Hk+βγk ŝ

2
k

]
+

;

end
x
(n+1)
k ← x

(n,Ninner)
k ;

end
end
x̂k ← x

(Nouter)
k , k = 1, . . . ,K ;
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In addition to image reconstruction, our proposed penalty
RNN can also be applied for denoising by solving

{x⋆} = argmin
{xk}

K∑
k=1

1

2
γk

∥∥∥xk − xnoisy
k

∥∥∥2
2
+ βRNN({xk}),

(23)
where the weights γk are used for equal smoothing across
channels. The z-update is the same as in (20) while the xk-
update does not require an iterative algorithm (see Algorithm 2).

Algorithm 2: Algorithm for multi-energy CT denoising
with Uconnect

Input: Noisy images
{
xnoisy
k

}
; Initial latent image z(0); Trained

mappings: {fk}; Scaling factors: {ŝk}; Weights: {γk}, α,
and β.

Output: Denoised images
{
xdenoised
k

}
.

x
(0)
k ← xnoisy

k , k = 1, . . . ,K ;
for n = 0 to N − 1 do

z(n+1) ← argminz
∑

k
1
2
γk

∥∥∥fk(z)− ŝkx
(n)
k

∥∥∥2
2
+ αH(z)

(using L-BFGS initialized with z(n)) ;

x
(n+1)
k ←

[
x
noisy
k

+βfk

(
z(n)

)
1+β

]
+

, k = 1, . . . ,K ;

end
xdenoised
k ← x

(N)
k , k = 1, . . . ,K ;

III. EXPERIMENTS

We conducted experiments on two types of data: synthetic
data and real patient images. In both cases, we considered 2-D
CT images at K = 6 energies: E1 = 40 keV, E2 = 60 keV,
E3 = 80 keV, E4 = 100 keV, E5 = 120 keV and E6 =
140 keV.

U-Net architectures were built in Python 3.8 with Tensorflow
2.10 using NVIDIA GeForce GTX 1660 Ti (6 GB memory).
In both experiments, the models were trained on one dataset,
and were tested on a separate dataset of the same type.

We compared the approaches mentioned in Section II, i.e.,
Huber, JTV, DTV, ASSIST, as well as our proposed Uconnect
method with H = RH (Huber), for two different tasks:
image reconstruction in Section III-A and image denoising in
Section III-B. In addition, we also conducted a comparison with
a DL approach called residual encoder-decoder convolutional
neural network (RED-CNN) [53] in terms of image denoising
task for patient data in Section III-B. We used a SQS algorithm
[36] for the individual reconstructions with Huber penalty and
the Chambolle-Pock algorithm [51], [54] for JTV and DTV.
All algorithms were implemented in Python programming
language.

The objective measures structural similarity index mea-
sure (SSIM) and peak signal-to-noise ratio (PSNR), with
respect to a reference image xref =

[
xref1 , . . . , xrefJ

]⊤
, were

employed for quantitative evaluation of the image quality.
We utilized the functions structural_similarity and
peak_signal_noise_ratio from the Python package
skimage.metrics

A. Synthetic data

1) Data Preparation, Training, and Setup: We used the
extended cardiac-torso (XCAT) software [55] to generate 2
phantoms 512× 512× 280, one male and one female, at the
different energies described above. We used the L = 280 slices
of the male phantom to train the fks throughout 700 epochs.
The batch size was set to 5 and the learning rate was set to
2 · 10−4. We considered the female phantom as the ground
truth (GT)

{
xgt
k

}
for reconstruction experiments.

For each energy, we utilized a constant intensity h̄k = 5000
to simulate low-dose (low photon count) measurements {yk}
following (3) (with xk = xgt

k ) with Ns = 120 projection
angles and Nd = 750 detectors using a fan beam projector
within the ASTRA toolbox [56].

The prior image used for DTV and ASSIST was recon-
structed using the unbinned data y = [y1, . . . , yI ]

⊤, yi =∑
k yi,k and the Huber penalty, i.e., as

xprior = argmin
x∈RJ

+

1

2
∥Ax− b∥2W + βRH(x) (24)

with b = [bi, . . . , bI ]
⊤, bi = log

(∑K
k=1 h̄k/yi

)
, W =

diag {y} and β = 300, using a SQS-based iterative algorithm.
For ASSIST, we searched 48 most similar overlapped patches
of size 12 × 12 with a stride of 6 in a search window of
10 × 10 to construct tensor units. For DTV, we set η = 0.7
and ϵ = 10−5 in (12). For Uconnect, we manually set α = 1
in (20), Nouter = 50 and Ninner = 50 in Algorithm 1.

2) Pre-evaluation: Uconnect is motivated by the hypothesis
that combining the data from all energy bins may help in
reducing noise. To verify this, we investigated the quality of
the generated image fk(z) used in RNN (19), where the latent
variable z is obtained using all energy bins, compared with
the image obtained from each bin k individually, without the
regularizer H (i.e., α = 0), that is to say

ẑall = argmin
z∈RJ

+

K∑
k=1

1

2
γk ∥fk(z)− ŝkx̂k∥22 (25)

and
ẑk = argmin

z∈RJ
+

1

2
∥fk(z)− ŝkx̂k∥22 (26)

where the images x̂k are scout reconstructions obtained by
WLS (i.e., solving (6) with β = 0) with SQS and 1000
iterations. Note that solving (26) corresponds to “inverting”
fk. Fig. 3 shows the estimated latent variables ẑall and ẑk,
k = 1, 3, 6, and we observe that using all channels reduces the
noise. The generated images fk(ẑall) and fk(ẑk) are shown
alongside their SSIM and PSNR (using xgt

k as the reference
images) in Fig. 4. We observe that both SSIM and PSNR
values of fk(ẑall) is higher than those of each fk(ẑk), which
supports our initial hypothesis.

3) Reconstruction Results: The images reconstructed by
different approaches for the XCAT phantom at 40, 80 and
140 keV (respectively from left to right columns) with zoomed-
in areas marked by yellow boxes are shown in Fig. 5
in Hounsfield unit value. Their respective chosen optimal
parameter β corresponds to the highest PSNR in Fig. 6 below.
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(a) ẑ1 (b) ẑ3

(c) ẑ6 (d) ẑall

Fig. 3. Latent variables ẑ1, ẑ3 and ẑ6 obtained from (26), and ẑall obtained
from (25) (using the scout reconstructions x̂k).

SSIM=0.9925

PSNR=21.210 dB
(a) f1 (ẑ1)

SSIM=0.9983

PSNR=19.855 dB
(b) f3 (ẑ3)

SSIM=0.9990

PSNR=19.569 dB
(c) f6 (ẑ6)

SSIM=0.9969

PSNR=25.134 dB
(d) f1 (ẑall)

SSIM=0.9995

PSNR=25.365 dB
(e) f3 (ẑall)

SSIM=0.9997

PSNR=25.250 dB
(f) f6 (ẑall)

Fig. 4. Generated images f1(ẑ1), f3(ẑ3) and f6(ẑ6) obtained from (26),
and fk(ẑall) obtained from (25) (using the scout reconstructions x̂k).

It is visually evident that the results of Huber, DTV and JTV
remain noisy and tend to over-smooth bone structures. ASSIST
tends to oversmooth the entire image especially at 140 keV,
despite good denoising performance. In contrast, our proposed
method Uconnect is capable of both preserving features and
reducing noise.

We also evaluated quantitatively the aforementioned methods
via the index PSNR and SSIM, using the GT images as the
reference. Images were reconstructed with different values of
the regularization β, from β = βmin to βmax, where βmin and
βmax are different for each method due to the variation in

k = 1 (40 keV) k = 3 (80 keV) k = 6 (140 keV)

G
T

H
ub

er
D

T
V

JT
V

A
SS

IS
T

U
co

nn
ec

t

Fig. 5. GT and reconstructed images at E1 = 40, E2 = 80 and E3 =
140 keV using different methods.

order of magnitude of the different penalties.

Fig. 6 shows the PSNR values of the reconstructed images
at each of the 6 energy bins using different approaches. The
images using Uconnect show the highest PSNR values at
all energies, with gains between 2.5 and 5.5 dB in PSNR
compared to the best performance by the other approaches at
each energy. Similar results in terms of SSIM are observed
(Fig. 7). These quantitative results are consistent with the above
visual comparison.
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B. Patient Data

1) Data Preparation, Training, and Setup: 2 collections of
real patient data images of size 512 × 512 from 2 different
patients were obtained by the Philips IQon Spectral CT scanner

Uconnect ASSIST JTV DTV Huber

0 0.5 1
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45

β/βmax
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N

R

(a) 40 keV

0 0.5 1
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40

45
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β/βmax

(b) 60 keV

0 0.5 1

40

45

50

β/βmax
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N

R

(c) 80 keV

0 0.5 1

40

45

50

β/βmax

(d) 100 keV

0 0.5 1

40

45

50

β/βmax

PS
N

R

(e) 120 keV

0 0.5 1

40

45

50

β/βmax

(f) 140 keV

Fig. 6. PSNR values of the reconstructed images using different methods.

Uconnect ASSIST JTV DTV Huber
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0 0.5 1
0.999

0.9995

1
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(b) 60 keV

0 0.5 1

0.9996

0.9998

1

β/βmax

SS
IM

(c) 80 keV

0 0.5 1

0.9997

0.9998

0.9999

1

β/βmax

(d) 100 keV

0 0.5 1

0.9998

0.9999

1

β/βmax

SS
IM

(e) 120 keV

0 0.5 1

0.9998

0.9999

1

β/βmax

(f) 140 keV

Fig. 7. SSIM values of the reconstructed images using different methods.

from the Poitiers University Hospital, Poitiers, France. The
Philips IQon Spectral CT is a dual energy scanner that produces
2 images at 80 kVp and 120 kVp from which 6 VMIs were
obtained by interpolation (same energies as in Section III-A).
L = 360 slices of the first dataset were used to train the fks
throughout 500 epochs. The batch size was set to 5 and the
learning rate was set to 0.0002.

Owing to the fact that these images do not represent GTs
attenuation of real patients, reconstructing from simulated
measurements {yk} with Poisson noise added, as we did with
the XCAT phantom, was not considered. Therefore we assessed
the different penalties for a denoising task with a least-squares
data-fidelity term, i.e.

Lk(xk) =
1

2

∥∥∥xk − xnoisy
k

∥∥∥2
2

(27)

where xnoisy
k is the noisy image simulated as

xnoisy
k = xpatient

k + εk, εk ∼ N
(
0, Σ2

k

)
, (28)

and xpatient
k a patient image from the second dataset, and

Σ2
k = diag

{
σ2
1,k, . . . , σ

2
J,k

}
. The Uconnect approach for

denoising corresponds to solving (23). The other methods
were implemented by using the same approach with different
penalties.

We estimated realistic σj,k values with a Monte-Carlo
approach. We created Q = 30 independent measurements with
random Poisson noise following (3) with xk =

{
xpatient
k

}
for each energy k = 1, . . . ,K, with intensity h̄k = 2

3 · 105
for all k, from which we reconstructed the spectral images

x
[q]
k =

[
x
[q]
1,k, . . . , x

[q]
J,k

]⊤
, k = 1, . . . ,K and q = 1, . . . , Q, by

WLS (i.e., (6) with β = 0). The variance σ2
j,k at each pixel j

for each energy k was estimated as

σ2
j,k =

1

Q− 1

Q∑
q=1

(
x
[q]
j,k − x̄j,k

)2

, x̄j,k =
1

Q

Q∑
q=1

x
[q]
j,k (29)

The weights γk in our method (i.e., Eq. (19) and (23)) were
defined as

γk =

1∑J
j=1 σ2

j,k∑K
k=1

1∑J
j=1 σ2

j,k

(30)

in order to give more weight to the less noisy images. Although
these weights are in principle unknown, they can be estimated
[57].

For the DL-based denoising method RED-CNN, a total of
K networks need to be trained for each energy k = 1, . . . ,K.
The training dataset for each energy k consists of a collection

of L = 360 pairs
{(

xnoisy
k,l ,xpatient

k,l

)}L

l=1
, where the noisy

input image xnoisy
k,l is simulated as

xnoisy
k,l = xpatient

k,l + εk,l, εk,l ∼ N
(
0, Σ2

k,l

)
, (31)

where the lth patient image from the first dataset xpatient
k,l serves

as the corresponding target image during training, and Σ2
k,l =

diag
{
σ2
1,k,l, . . . , σ

2
J,k,l

}
. The estimation of σ2

j,k,l follows the
same procedure as described in (32) for each l, employing



IEEE TRANSACTIONS ON RADIATION AND PLASMA MEDICAL SCIENCES, VOL. XX, NO. X, XXX 2023 9

Q = 30 independent measurements in a Monte-Carlo approach.
The patch size in patch-based training of RED-CNN was set to
55×55, with an initial base learning rate set at 10−5, gradually
decreasing to 10−8 over the course of 10000 epochs.

The prior image xprior for DTV and ASSIST was defined
as the weighted average across energy bins, i.e.,

xprior =
1

K

K∑
k=1

γkx
noisy
k . (32)

In ASSIST, tensor units were constructed by searching 12 most
similar patches of size 24×24 with a stride of 12 in the search
window of 20 × 20. We used the same parameter setting as
with the simulated XCAT phantom datasets, η = 0.7 in (12)
for DTV, and for Uconnect, α in (20) was set manually to 0.4
and N in Algorithm 2 was set to 50.

2) Pre-evaluation: We proceeded with the same evaluation
as in Section III-A2, but using xnoisy

k instead of x̂k in (25)
and (26), and using xpatient

k as the reference for SSIM and
PSNR.

Fig. 8 displays the obtained images fk(ẑall) and fk(ẑk),
k = 1, 3, 6 with their corresponding SSIM and PSNR. Similarly
to the results of the simulated images, each fk(ẑall) is less noisy
and has higher SSIM and PSNR compared to the corresponding
fk(ẑk).

SSIM=0.9951

PSNR=22.443 dB
(a) f1 (ẑ1)

SSIM=0.9994

PSNR=24.750 dB
(b) f3 (ẑ3)

SSIM=0.9997

PSNR=25.826 dB
(c) f6 (ẑ6)

SSIM=0.9983

PSNR=29.081 dB
(d) f1 (ẑall)

SSIM=0.9999

PSNR=31.668 dB
(e) f3 (ẑall)

SSIM=0.9999

PSNR=31.291 dB
(f) f6 (ẑall)

Fig. 8. f1(ẑ1), f3(ẑ3) and f6(ẑ6) obtained from (26), and fk(ẑall)
obtained from (25) (using the noisy images xnoisy

k ).

3) Denoising Results: Fig. 9 shows the reference images
xpatient
k , the noisy images xnoisy

k and denoised images at 40,
80 and 140 keV with optimal β according to the PSNR shown
in Fig. 10. From the noisy images xnoisy

k , we notice that
noise is predominantly concentrated in the central regions of
the images for all energies, which correspond to structures
with high attenuation coefficients. It is noticeable that the
results of Huber, DTV and JTV suffer from severe noise
although oversmoothing appears in the periphery of the images.
ASSIST shows limited capability in distinguishing low-contrast
structures especially at 40 keV, and its noise suppression on
fine details is inadequate. RED-CNN effectively eliminates
most noise at 40 keV but fails to preserve the edges of the

k = 1 (40 keV) k = 3 (80 keV) k = 6 (140 keV)
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Fig. 9. GT, noisy images, and denoised images at E1 = 40, E2 = 80 and
E3 = 140 keV using different methods.
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tissues. Besides, severe noise persists at other energies. On
the other hand, the images denoised with Uconnect exhibit
the least amount of noise and maintain the highest level of
structural and edge preservation across all energies.

Uconnect ASSIST JTV
DTV Huber RED-CNN
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Fig. 10. PSNR values of the denoised images using different methods. As
RED-CNN is independent of β due to the absence of a penalty term, we
depict its evaluation values using a horizontal black dashed line.

We carried out the same evaluations, i.e., PSNR and SSIM,
as in Section III-A3. Fig. 10 and Fig. 11 respectively show
the PSNR and SSIM values (using xpatient

k , k = 1, . . . , 6, as
reference) at each of the 6 energy bins for each method for
a range of β-values. Uconnect exhibits significantly superior
PSNR and SSIM values compared to Huber, DTV, JTV, and
ASSIST. RED-CNN and Uconnect exhibit comparable SSIM
values across all energy levels. In terms of PSNR, while
RED-CNN shows a higher value than Uconnect at 40 keV,
Uconnect surpasses RED-CNN at other energy levels. Taking
into account the qualitative comparison illustrated in Fig. 9, it
becomes evident that Uconnect outperforms all other methods
considering all energies.

IV. DISCUSSION

We proposed a novel method that takes the form of a trained
penalty to solve the problem of synergistic reconstruction for
spectral CT. In this paper, we used the pretrained U-Nets to
“connect” images at all energies to a reference z, so that the
training can be supervised. We considered as reference the
image at the lowest energy. Our U-Net based regularization,
referred to as Uconnect, showed enhanced performance for
both image reconstruction and image denoising tasks. The
mappings {fk} provide regularization (i) by their training, as
they are trained on “clean” images (as initially suggested in

Uconnect ASSIST JTV
DTV Huber RED-CNN
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Fig. 11. SSIM values of the denoised images using different methods. As
RED-CNN is independent of β due to the absence of a penalty term, we
depict its evaluation values using a horizontal black dashed line.

[48]), and (ii) by sharing the information across channels, in a
similar fashion as TDiL but without patch extraction. Note that
our method can be generalized to a single architecture with
K outputs, each of which corresponding to an energy bin, in
order to further leverage the inter-energy information during
training.

As pointed out in Section II-D1, the pretrained mappings
{fk} do not exactly reflect the physics, as z represents an
attenuation image. Alternatively, models such as W-GAN or
VAE, where the latent space is “trained” to encode the physical
properties of the patient, should be used [46]. These models
have been applied in PET/CT [58] and PET/MRI [59]. Similar
models may also be used to generate material images and
could be used for one-step material decomposition. However
unsupervised training with a large number of channels remains
challenging.

The results of the proposed approach can be potentially
improved by fine-tuning all parameters, including α and {γk}
in (19), which we have not yet investigated. Additionally, we
can explore other regularizers for the reference z in our method,
such as by replacing Huber with TV or DTV.

An major limit to our validation is that our phantom data
were based on VMIs, which correspond to an oversimplified
setting. In addition, VMIs are artificially correlated, which
may bias the results. Further validation should include real raw
PCCT projection data and models trained from PCCT binned
images.

Finally, our comparison can be expanded beyond other
synergistic reconstruction methods, such as TDiL [24] and



IEEE TRANSACTIONS ON RADIATION AND PLASMA MEDICAL SCIENCES, VOL. XX, NO. X, XXX 2023 11

SOUL-Net [34], a recent work using an unrolling architecture.

V. CONCLUSION

In this work, we used a CNN to derive a novel synergistic
penalty term for spectral CT reconstruction. The proposed
approach is a combination on the CNN representation technique
[48] and multichannel dictionary learning [24].

The presented results demonstrate that Uconnect has the
ability to reduce noise while preserving structures. Both visual
inspection and quantitative measurements show significant
improvements for our proposed method in synergistic spec-
tral CT reconstruction. While there is certainly room for
improvement, we believe that the proposed methodological
framework provides a solid foundation for future research in
this field. Further refinement of our approach may be achieved
by unrolling our architecture, a development that warrants
further investigation.
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