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Abstract

Computed tomography (CT) reconstruction plays a cru-
cial role in industrial nondestructive testing and medical
diagnosis. Sparse view CT reconstruction aims to recon-
struct high-quality CT images while only using a small num-
ber of projections, which helps to improve the detection
speed of industrial assembly lines and is also meaningful
for reducing radiation in medical scenarios. Sparse CT re-
construction methods based on implicit neural representa-
tions (INRs) have recently shown promising performance,
but still produce artifacts because of the dif culty of ob-
taining useful prior information. In this work, we incorpo-

rate a powerful prior: the total number of material cate- Classical INR Ours Generated Segmentatio
gories of objects. To utilize the prior, we desig€-IND,
a self-supervised method based AttenuationCoef cient Figure 1. Performance comparison on the reconstructiomyéma

Estimation and mplicit Neural Distribution. Speci cally, and segmentation imageitomatically generatedby our method.

our method rst transforms the traditional INR from scalar
mapping to probability distribution mapping. Then we de-
sign a compact attenuation coef cient estimator initializ
with values from a rough reconstruction and fast segmenta- . ; , :
tion. Finally, our algorithm nishes the CT reconstruction icant challenge for industrial factories that handle large

by jointly optimizing the estimator and the generated distr quantities of produc.ts._ In addmon,_ dense projection in-
bution. Through experiments, we nd that our method not creases the total radiation dose received by patients in med
only outperforms the comparative methods in sparse CT re-Ic@l applications. To this end, in order to achieve bet-

construction but also can automatically generate semantic (€7 SParse reconstruction, a large number of deep learning-
segmentation maps. based methods3[10, 14,41, 49 have been proposed in re-

cent years. However, these methods belong to supervised
learning and require many projection-image pairs to com-
plete the learning. This easily leads to dif culty in gener-
alization because of the domain gap between the training
Computed tomography (CT) is a non-destructive testing source and the testing source. Although a supervised gen-
technology that can image the inside of an object in a non-erative model $4, 43] can slightly alleviate the problem, it
invasive way, which helps to measure structure and nd de- often brings artifacts, which limits applicability.
fects. It is also widely used in medical imaging for disease  Implicit Neural Representations (INRs) have recently
diagnosis. Therefore, improving the accuracy of CT recon- shown impressive results for sparse CT reconstruction [
struction is a classic problem of concern. ]. However, from a Bayesian perspective, INRs merely
Usually, dense projection leads to more accurate recon-provide a maximum likelihood estimate of the object and

struction compared to sparse projection. However, obtain-
ing dense projections is time-consuming, posing a signif-

1. Introduction
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fail to incorporate a prior. While INRs avoid the domain gap at sparse view counts of 20, 40, and 60. Additionally, we
issues associated with supervised learning, the large solufound that the produced distribution of our method exhibits
tion space can result in reconstructions that, despitengavi clear physical meaning. Speci cally, by choosing the most
minimal projection loss, may not accurately re ect the ob- likely material based on the distribution's peak, we discov
ject's natural appearance. Previous works’P] attempted ered that our method learns the segmentation map in an
to embed prior into INRs by compressing external informa- unsupervised manner. Furthermore, the segmentation map,
tion through supervised learning, and then assisting INRscontinuously learned AC, and reconstruction result exhibi
in reconstructing new objects. Although these approachessynchronized improvement during training.
have yielded good results, the reliance on supervised-learn  The synchronized improvement suggests that generating
ing leads to a reconstruction degradation when the currentmore accurate AC values from the start will enhance recon-
object undergoes a large change. This limitation motivatesstruction. Building on this insight, we developed an en-
our paper, which aims to embed prior information into INRs hanced algorithm named AC-IND In AC-IND*, the AC
without being affected by distribution shift. estimator is initialized with the mean values of different
In addition, the backbone of INRs for CT reconstruction Segmentation areas, derived from reconstruction restilts o
is usually an MLP with a trigonometric activation function. AC-IND and the Multi-Otsu Thresholding method. Experi-
According to the black box nature of MLPs, the physical ments indicate that improved initialization of AC estimato
meaning is only known for the last neuron, which repre- leads to enhanced reconstruction and segmentation.
sents the reconstructed linear attenuation coef cientef t In summary, our contributions are as follows:
object, while the roles of the other neurons in the MLP for 1. We propose a sparse CT reconstruction algorithm
reconstruction remain unclear. Therefore, increasingrint named AC-IND, based on attenuation coef cient estimation
pretability in CT reconstruction also gave rise to this work and implicit neural distribution. Additionally, we introde
To effectively utilize prior information without introduc ~ @n enhanced version named AC-IN@ith better initializa-
ing domain gaps, and to increase the method's interpretabil tion of AC estimator.

ity, this paper proposes a self-supervised CT reconstnucti 2. Our method generates semantic segmentation images
method based orttenuationCoef cient estimation and  during reconstruction that the comparative algorithm is un
I mplicit NeuralDistribution (AC-IND ). Speci cally, our al- able to produce, creating an opportunity to merge CT recon-

gorithm only requires prior knowledge of the number of Struction and unsupervised semantic segmentation tasks.

materials within the object to be reconstructed. The prior 3. We conduct a dynamic analysis of the distribution

information can be obtained without relying on a learning generated by our method and the continuous evolution of

algorithm based on external data. It's generally a basic at-AC estimator's output during training. The analysis reseal

tribute of industrial objects and is easily accessible. that as reconstruction performance improves, the autemati
However, the traditional INR, being an MLP with only a  cally generated segmentation map becomes more accurate,

single neuron in the nal layer, is unable to directly incor- and the value produced by the AC estimator eventually ap-

porate the number of material categories. Therefore, thisProaches the ground truth of the AC.

work no longer maps the discrete coordinates to a scalar 4. Experiments demonstrate that AC-IND outperforms

like the traditional INR. Instead, each coordinate is mappe the comparative approachin CT reconstruction. The perfor-

to a distribution, which describes the degree of each ceordi mance of AC-IND highlights the improved initialization of

nate belonging to a different material category. To encour- AC estimator can lead to enhanced reconstruction.

age the distribution to converge toward its true form during

training, AC-IND rst produces a modulated distributionto 2. Related Work

make it close to a steep unimodal distribution. Then, it em-

ploys rapid reconstruction methods along with Multi-Otsu

Thresholding method1[/] to obtain a rough estimation of Classical CT reconstruction methods can be broadly cat-
the average attenuation coef cient (AC) within each mate- egorized into analytical and iterative approaches. A well
rial. Afterwards, a compact differentiable AC estimator is known analytical method is Itered back projection (FBP)
designed and initialized with the rough estimation. Finall  [17], which is based on the Fourier slice theorem. When
the integral of the AC estimator's output under the produced the projection data is dense, FBP can yield good results;
distribution is the output value of our algorithm. Under the however, it performs poorly with sparse views. Examples
indirect supervision of projection data, AC-IND progres- of iterative methods are represented by the simultaneeus it
sively reconstructs an accurate CT image through the jointerative reconstruction technique (SIRT), simultaneogs-al
training of the modi ed INR and AC estimator. braic reconstruction technique (SART)[and other algo-
The experiments demonstrate that AC-IND achieves su-rithms [5, 6, 26, 44] based on iterative optimization. How-
perior reconstruction accuracy compared to the classi¢ INR ever, these methods are time-consuming and struggle to re-

2.1. Classical CT reconstruction



construct high-precision images.

2.2. CT reconstruction with INR

Implicit neural representation (INR) completes the re-
construction process by using a neural network to map vec-
tors in coordinate space to real physical quantity under the

supervision of the observed measurement data. In warks [

], its interpretability and dynamics analysis were devel-

oped using neural tangent kernels]and random Fourier
features P7]. Accordingly, It has shown good performance
in new perspective image synthesi§[and 3D reconstruc-

tion [23] for natural scenes. Recently, it shown good perfor-

mance for CT reconstructior{, 25, 31, 35, 39,40, 46, 47].
However, when optimizing INR, this type of method doe

cardinal numbeK :
)D(Z M 7! [0; 1]

s.t. D,(m)=1
m2M

(2)

WhereM = f1;2;::;;Kgandm 2 M. In the context of
voxel discretization of CT, an intuitive understanding sug
gests that whep, is within a single material, the unknown
ground truth ofD, manifests a peak distribution. Con-
versely, whemp; is located at the boundary between mul-
tiple materialsD, degenerates into a multi-peak form.

We then construct a functian controlled by a learnable

s Parameter vectdr, to map each material oridined in M

not include other prior information about the object except © @ differentlinear attenuation coef cient:

the basic statistical laws of the image, such as TV regular-

ization [3]. Due to the presence of spectral bias,[45],
INR struggles to t high-frequency information and lead to
blurred edges and artifacts. Therefore, incorporatingrpri
knowledge is expected to enhance INR's performance.

2.3. CT reconstruction and external prior

To utilize priors, [/, 15,18, 29, 33, 36] integrate external

c :m7! An 3)
The linear attenuation coef cient at every position in the
scanned object is the objective of CT reconstructioh [
Hereinafter, the linear attenuation coef cient is referte

as the attenuation coef cient (AC). However, directly es-
tablishing the mapping between positiband AC through

a neural network makes it hard to embed prior about the

datasets into INR through supervised methods. However,otal number of material categories, thus affecting perfor

there is a domain gap between the external data and the dattance. The proposed distribution representation method of
we need to reconstruct, which deteriorates the performancg andc breaks down the direct mapping fromto AC,

of the machine learning algorithni?,48]. Therefore, it be-

allowing the information about the total number of material

comes important to introduce some weak prior without the categories to be implicitly embedded.

domain gap caused by heterogeneous data. Traditional iter-

ative methods16, 38] can effectively introduce prior infor-

After completing the mathematical modeling of the two
mappingsf andc , we compose the distributidd, with

mation about the total number of materials in the object, but ¢ (m) to get the AC at the location:

they cannot bene t from machine learning. Although in nat-
ural scenes, ][9] train multiple INRs to learn each segman-

tation part and bene t from semantic prior, the method only
focus on natural image embedding and is hard to apply to
CT reconstruction since accurate segmentation can't be ob-C

tained before reconstructior2{] shows that INR can rep-
resent binary segmentation of natural images, but it reguir

a non-decreasing activation function and focuses solely on

semantic segmentation, rather than reconstruction.

3. Methods

3.1. Distribution Representation and AC Estimator

For any coordinate 2 R" 1, our method will map it to
a distributionD ,, which characterizes the degree to which
the pointp, in coordinatez belongs to different material:

f :z7' D, (1)

In industry, especially 3D printed products, the total
amount of material& inside an object can be known in
advance. S@, appears in the form of a discrete distribu-
tion, which is de ned in the material ordinal sét with

Dz(m)c (m)
m2M

Therefore, the AC value located in coordinatén the
T image can be represented by functigns:

(4)

g: @ I @Im)ec (m)

m2M

()

To ensuregy. () is differentiable and capable of repre-
senting the high-frequency information in the CT image, we
will construct appropriate functiorfs () andc () as be-
low. Forf (), inspired by BZ and [37], rstly, we present
a random matriE 2 R™ " with trigopnometric functions
to map the coordinate 2 R" ! to a vectorr 2 R®™ 1!
representing a series random Fourier basis:

2)
i (6)

The elements in the random matExare independently
sampled fronN (0; 2) and frozen during algorithm train-
ing similar to [37]. For the pointr on the hypersphere

4 sin(E

r
cosE
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S2m 1 formed by Fourier basis, we construct an MLP with 7 e originalvalse

L ] —— Approximate curve

L layers, whereth&s to(L 1)"" layers use the sinusoidal 06 o e s s
function as the activation function:

Value after Modulated Softmax
0.5 4 ° [ ]

Uiz =sin(Wjui + b);i=1;25L 1 (7) :

0.4

Value

Among them, the inputi; of the rst layer of the neural
network is Fourier basis vector Here,W; 2 Rl i

b 2 R 1 withl; =2mandl, = jMj. 021

To ensure thatt can output a probability distribution of onl ——Tv\_w/"_\ﬁ\q.\
jM j classes and tends to have a steep unimodal distribution, ’\T
we use an modulated Softmax function controllbto con- 00-—¥ ! 1 ? ]! : r '
struct theL ™ layer, and only usgM j neurons: Index

_ ] Figure 2. Comparison between modulated softmax and classic
UL+ = SofmaxWiug + b );T) (8) softmax, where the modulation coef ciefiitis equal to 0.06.

More speci cally, the expanded formula of above is:

i esi=T In the rst method, for initialization of , we use a
uLe fi; 1= P (9 method introduced ing7]. For initialization of' , we use
1= the rapid reconstruction method FBP to perform an initial
Among them,zi = (W u, + b)[i], i = 1;2;:51L. reconstruction, and then use a segmentation method to seg-

Modulated Softmax with a coef cierif 2 (0; 1) will make ment different material areas, and nally calculate the mea
the distribution steeper compared to classical Softmax, asattenuation coef cients of different segmented areas.
shown in Fig.2. Thereby, it's more closely approximating Speci cally, We used the methdd (f:=FBP in our AC-
the internal structure of the object, where most of the coor- IND) to reconstruct the object from sinograyn then use
dinates are located within a single material area, rattar th Multi-Otsu Thresholding method to generate masks to di-
at the boundary of multiple materials. As Séc3shows,  vide the image int§M j non-intersecting regions:

by using the modulation way, our method can learn the seg-

mentation effectively in an unsupervised manner. Mask = fostfft(y);iM]); (11)

Forc (), althoughit can be chosen in a very large func- \\here Mask(j = 1;2;::jMj) is a binary matrix, a vi-

tion spaceF L fe i ] 2 Nog, we restrict the function  sulization exmaple of which is shown in Fig.

Finally, we calculate the meam of the rough segmen-
tation regions, which is used as the initialization of thie di
ferentiable parameter; of the functionc :

spaceF to a subspackjy | R ji'j = jMjg, this work
speci cally selectsc 2 Fy; with the speci c compact
analytical form:

c :m 7" (10)

Among themj = 1;2;::;;jMjandm; 2 M. According to

its role, we name as the AC estimator. If more material where represents the Hadamard product ar(d rep-

information were available, choosing a functionfinwith resents a averaging operation for non-zero elements. We

an output range within a speci ¢ interval could improve al- named our algorithm based on the initialization strategy as

gorithm performance. However, it's not within the scope of AC-IND.

this work because we assume that we can't obtain additional  Intuitively, the more precise the initial estimated valdie o

information except the total number of material categories ' s, the more precise AC will be learned during the joint
After constructingf () andc (), theg; () can be  optimization off andc . In view of this, we developed

obtained from Eq. §) accordingly. We will show that a second initialization method. For initializing we use

this compact functional form will have good performance the same method as the AC-IND. For initializingwe rst

for sparse CT reconstruction tasks in Sécd. And it apply AC-IND to obtain a reconstruction, then segment it

shows dynamic characteristics with clear physical meaningusing the Multi-Otsu Thresholding method. Finally, we cal-

in Sec.4.3. Next we will design two methods in a progres- culate the mean values of the segmented regions and use

sive manner to initialize the parameters in Sec.3.2. these means as the initial values gf Essentially, the sec-

ond method replacds from FBP with AC-IND. We named

the algorithm based on the enhanced initialization stsateg
Before jointly optimizing inf and' inc ,wedesign as AC-IND'. Sec.4.4will present the performance of the

two different methods to estimate their initial value. AC-IND and highlight the improvement of AC-IND

at (f(y) Mask) (12)

3.2. Initialization Strategy



EBP reconstruction Binary Mask 1 of Ground Truth Ours(20 epoch) Ours(200 epoch) Ours(20,000 epoch)

FBP reconstruction PSNR / SSIM 15.54/0.359 26.16 / 0.632 52.68/0.999

. L .
. i - . .
S el . .

Binary Mask 2 of Binary Mask 3 of Initialized Generated SegmentatioGenerated Segmentatio@enerated Segmentatic
FBP reconstruction FBP reconstruction semantic output (20 epoch) (200 epoch) (20,000 epoch)

Figure 3. The rst row: FBP reconstrcution, Mask, the Groumdth of Barbapapa phantom and the reconstruction from @@s/by our
method. The second row: Mask, segmentation output autoatigtproduced by our method during the reconstruction gssc

3.3. Loss Function For Performance Comparison in Sec4, we create a
Walnut Slice Dataset extracted from 3D Walnut scans, and
create an Ellipse Material Dataset using a Shepp-Logédn [
L. =KkAX - ykz (13) generator. We rst collect 3D volumes numbered 1 to 8
A:RY W I RU Visan operator equivalent to the from the 3D Walnut Dataset]. Then, for egch individual
A ' . ) walnut volume, we generate 10 different slices, so a total of
d|§crete representation of the Radon transform. It IS deter gg gifferent slices is produced. For each slice, we generate
mined by the internal parameters of the machine during CTsparse projection data at 20, 40 and 60 views.

; . H W ; ; .
scanningX - 2R is the object to be reconstructed: We use a Sheep-Logan generattr form a combina-

The loss function is de ned based on the norm:

i tions of industrial items containing 5 materials and an en-
X [i;j]= f((i;) N(K)e (k) vironmental material consisting of air. Finally, we crehte
k=1 (14) a dataset containing 80 samples and named it the Ellipse
i=1;2;u0H =120 W Material Dataset. Similar to the Walnut Slice Dataset, we

_ . _generated sparse projection data at 20, 40 and 60 views.
y 2 RY V isthe collected sinogram (measurements) which

indicates that the CT machine acquitéprojections at dif- 4.2. Implementation Details

ferent angles and the detector hasletector pixels. ] o o
The linear operatoA is implemented by Tomosipd [].

4. Experiments The geometry of the CT setup is parallel beam. Dur-
_ ) ' ~ing scanning, the radiation source will rotate equiandylar
‘We conducted a dynamics analysis of AC-IND's opti- around the center of the object. For all datasets, we used
mization process. In addition, we also conducted quantita-ine Adam algorithm with{ 1; ») equal to(0:9; 0:999) to

tive and qualitative comparisons with other methods. optimize the trainable parameters. For the Walnut Slice
4.1. Dataset and pre-processing Dataset, we set the learning r.ates of all layers of th_e MLP
_ o to4:0 10 °and set the learning rates of the AC estimator

For dynamics analysis in Se¢.3, we construct 256 to1:0 10 5. For the Ellipse Material Dataset, we set the

256phantom containing three materials based on the Barba{earning rates of all layers of the MLP and parameters of the
papa phantom[3, 3. The three materials are polymethyl AC estimator tal:0 10 4. The modulation coef cients of
methacrylate, aluminium, air. Abene tof having only three  softmax for the Walnut Slice Dataset and the Ellipse Mate-
materials is that it allows us to fully visualize the lear®&l  rja| Dataset are set to 0.2 and 0.035, respectively. For both

AC vector in a 3D Cartesian coordinate system. We gener-datasets, the variance of the zero-mean Gaussian distribu-
ate projection data from 20 views and utilize our AC-IND

to reconstruct the CT image from these projections. Lhttps://pypi.org/project/phantominator/




tion used to construct the random matixs 16.0.

4.3. Dynamics Analysis During Optimization
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Figure 5. Reconstruction accuracy of our method and cordpare
methods (solid line, based on left Y-axis); Distance betwae
tenuation coef cient vector learned by our method and theigd
truth ( dotted line, based on right Y-axis).

4.4. Performance Comparison

Table 1. Quantitative evaluation on Walnut Slice Dataselt e

Figure 4. Learned Attenuation Coef cient Vector (ACV)'sajec-
pressed as mean standard deviation. The best valudded.

tory during training. The initial ACV is in the lower right coer.

In this section, we will illustrate that our method's inter- 20 views 40 views 60 views
mediate output exhibits clear physical meaning: rgp PSNR| 1531 1.00  21.241.04  25.03 1.04
I. Our method automatically generates segmentation SSIM | 0.344 0.010 0.4490.018 0.554 0.025
maps during reconstruction. Speci cally, during the neu- ~ gjg PSNR| 19.78 0.95  23.76 1.03 ~ 26.45 1.05
ral network training process, we calculate the pixel-level Isgll\llvll? %?3830 01'2220 0334752 01'01239 032%17 00'%330
classi cation Label for every coordinate as below: INR ssM | o 5'41 0 '036 0 7'89 o '024 o 9'09 0 '012
Label = Argmaxf (z)(m)) (15) ours PSNR| 2649 243 3538 1.05  37.66 0.89
m2m SSIM | 0.752 0.120 0.955 0.008 0.967 0.007

By traversing the coordinate2 f 0=H;:::; (H 1)=Hg

fOo=wW; (W  1)=Wg, we can get a segmentation map We conducted experiments on the Walnut Slice Dataset
S2f12:;jMjgt W and Ellipse Material Dataset with a total number of sparse

As shown in the Fig3, as the reconstruction accuracy views of 20, 40, and 60. Although a walnut is mainly com-
improves, the segmentation m8pepresented by the inter- posed of three substances: air, shell, and pulp, it is not
mediate output of our algorithm also becomes more accu-a man-made industrial product and is composed of more
rate. This phenomenon indicates that our method can percomplex materials. In this challenging dataset, we empiri-
form unsupervised segmentation in the image domain con-cally assume it contains 6 different types of materials. We
currently with CT reconstruction. will compare our AC-IND with other methods: classic INR

Il. The learned AC Vector (ACV) of the AC estima- using same random Fourier feature as AC-IND, FBP and
tor gradually approaches the ACV's ground truth. As SIRT. The number of iterations of SIRT is set as 30,000.
Fig. 5 shows, the AC estimatar approximates the true I. Walnut Slice Dataset Tab.1 shows that in the case of
ACV using only the projection data's supervision, without sparse reconstruction at 20 views, 40 views and 60 views,
relying on any information from the ACV's ground truth. our method outperformed classical INR by 2.69 dB, 4.66
Additionally, Fig. 4 depicts the movement of the learned dB and 2.79 dB, respectively. Fi§.shows our reconstruc-
ACV in three-dimensional space. It can be observed that ittion results have fewer artifacts and sharper edges comipare
gradually converges toward the ACV's ground truth. The to classical INR. Additionally, Fig6 also displays the se-
pattern of the movement suggests that the learned ACV rst mantic segmentation map that is automatically generated by
approaches the real ACV in one dimension, and then ap-our method. Although there is no ground truth of the seg-
proaches in other dimensions in turn. mentation so that the Jaccard index and Dice index cannot
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Figure 6. Different reconstruction results under 40 vieetsisg(zoom in to see details), and the segmentation gty our method.
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Figure 7. The average PSNR and the corresponding standéedide of the entire Wulnut Slice Dataset in each epoch.

be calculated, it shows a good visual segmentation result.merical results of classical INR at epoch 3,400 is reported,
The above results demonstrate that our method not onlywhen classical INR usually reaches its maximum peak and
has better reconstruction performance than the competitiv after then its performance starts to degrade. The numerical
method, but also can complete the unsupervised segmenperformance of our work at epoch 10,000 is reported. &ig.
tation at the same time(see also the Appendix). For bothshows our method's reconstruction visualization at 10,000
the classical INR and our AC-IND, we report the results at epoch under 40 views and the automatically generated se-
the 20,000th epoch in Tah. Additionally, for each epoch, mantic segmentation by our method at 10,000 epoch and
we visualized the PSNR value of the two methods in Fig. 20,000 epochs. It shows that our method has fewer artifacts
and found thabur method consistently outperformed the than the contrast method and the segmentation is improved
classic INR in nearly every epoch as the training epoch increases (see also the Appendix).

Il. Ellipse Material Dataset, as shown in Tal®, in the Ill. Optimizing initialization of AC estimator. Be-
case of sparse reconstruction at 20 views, 40 views and 6Qcause the Ellipse Material Dataset contains ellipses with
views, our method exceeded classical INR by 2.69 dB, 5.4 similar attenuation coef cients, the semantic segmeaotati
dB and 6.58 dB respectively. For fair comparison, the nu- task is more dif cult for our AC-IND. To improve it, we
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Figure 8. Different reconstruction results under 40 vieatsisg(zoom in to see details), and the segmentation gmteby ours and oufs

Table 3. Quantitative comparison of AC-IND and AC-INBn the
Ellipse Material Dataset, expressed as mean + standardtidevi

Table 2. Quantitative evaluation on Ellipse Material Dataand
expressed as meanstandard deviation. The best valudaded.

20 views 40 views 60 views 20 views 40 views 60 views
FBP PSNR | 23.33 0.40 28.51 0.38 31.62 0.37 Ours PSNR| 34.64 6.67 41.97 3.76 44,25 1.11
SSIM | 0.386 0.012 0.556 0.016 0.707 0.015 (ac-np) SSIM | 0.882 0.171 0.972 0.048 0.993 0.004
SIRT PSNR | 28.10 0.35 31.14 0.35 32.99 0.35 Ours PSNR| 40.04 9.39 45.23 5.37 46.60 5.02
SSIM | 0.690 0.019 0.804 0.013 0.869 0.009 (Ac-inD"SSIM 0.902 0.201 0.972 0.088 0.982 0.088
INR PSNR | 31.95 2.48 36.57 3.17 37.67 2.09
SSIM | 0.812 0.061  0.9310.109  0.965 0.074 Table 4. Comparison of the trainable parameters and FLOPs
ours PSNR 34.64 6.67 41.97 3.76 4425 1.11
SSIM .882 0.171 .972 0.04 . .004
0.882 0 0.972 0.048 0.993 0.00 Method | Parameterst FLOPst#
INR 460.55 k 30.18 GMac
Ours 396.04k 26.06GMac

change thé; in Sec.3.2from FBP to AC-IND to form our
new method: AC-IND (Ours’). The substitution of ; nat-
urally provides the AC estimator with a better initial valJue 5. Conclusion
as AC-IND is much better than FBP in the reconstruction
task. Tab.3 shows that AC-IND outperforms AC-IND by
5.4 dB in the case of 20 views reconstruction. And AC-
IND* exceeds AC-IND by 3.26 dB and 2.35 dB in the case
of 40 view and 60 view reconstruction, respectively. Eg.
shows that AC-IND can generate better segmentation im-
ages than AC-IND in the same number of training epochs.
Logically speaking, AC-IND is equivalent to the iterative
extension of AC-IND based on the changd af The better
performance of AC-IND compared to AC-IND highlights
the critical importance of the AC estimation in sparse CT

We propose AC-IND to compute sparse CT reconstruc-
tion and automatically generate segmentations. Unlike tra
ditional INR, which maps coordinates to a scalar, our al-
gorithm maps them to a distribution. Furthermore, we de-
sign an AC estimator and initialize it with the mean of the
segmented region, which is calculated from a rough recon-
structed image by a fast reconstruction method. In joint op-
timization of the distribution and the AC estimator, as the
reconstruction accuracy improves, the generated segmenta
tion becomes more accurate, and the AC estimator's output
reconstruction and unsupervised segmentation. converges to the AC's ground truth. Experiments demon—

strate that AC-IND outperforms the comparative method in

Illl. Comparison of model parameters. As Tab.4 the reconstruction task. Additionally, the enhanced wersi
shows, the number of trainable parameters and FloatingAC-IND* of AC-IND demonstrates that a better initializa-
Point Operations(FLOPS) of our algorithm is less than that tion of the AC estimator facilitates reconstruction. Impor
of the classic INR, which means that our method requirestantly, our method shows reconstruction and segmentation
fewer parameters while achieving better performance. can be completed simultaneously.
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Appendix

1. Visual Comparison on Ellipse Material Dataset

Fig. 1 and Fig.2 show the reconstruction results of different methods orHllipse Material Dataset. The PSNR/SSIM
values of AC-IND(Ours) are marked ir . The PSNR/SSIM values of AC-INTPOurs’) are marked imed Please zoom
in to see more details.

Ground Truth FBP SIRT Classical INR Ours Ours

PSNR

o

Figure 1. Comparison of different reconstruction un2@wiewssetting.

Ground Truth FBP SIRT Classical INR Qurs Ours

PSNR
..

o

Figure 2. Comparison of different reconstruction undieviewssetting.

2. Visual Comparison on Walnut Slice Dataset

Fig. 3, Fig. 4 and Fig.5 show the reconstruction results of different methods o'v¥aiut Slice Dataset. In addition, the
semantic segmentation maps automatically generated biNB&Gare also shown in Figg, Fig.4 and Fig.5. The PSNR/SSIM
values of AC-IND(Ours) are marked ned Please zoom in to see more detalils.
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Generated Segmentatic
(Ours, 20000 Epoch)

Ground Truth FBP SIRT Classical INR Ours

Figure 3. Comparison of different reconstruction ungl@viewssetting, and the segmentation map generated by our method.

Generated Segmentatic

Ground Truth FBP SIRT Classical INR Ours (Ours, 20000 Epoch)

Figure 4. Comparison of different reconstruction und@wiewssetting, and the segmentation map generated by our method.

Generated Segmentatic

Ground Truth FBP SIRT Classical INR Ours (Ours, 20000 Epoch)

Figure 5. Comparison of different reconstruction uné@iewssetting, and the segmentation map generated by our method.
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