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Abstract—In this paper, we propose a generic distributed
multi-view sensing framework to deal with the three crucial chal-
lenges, i.e., physics-inspired signal propagation modeling, large-
scale region of interest (ROI) pixelation, and distributed sensing
architecture and algorithm design, in typical ISAC (integrated
sensing and communication)-enabled wireless networks. First,
we propose a unique pixel coordinate system with non-uniform
and af ne pixel division and mapping, which helps to resolve
the occlusion effects between pixels and can be well tailored
for common computational imaging technology. Second, inspired
by Huygens' principle, we propose a novel integral-form signal
propagation model that well captures the overall amplitude and
phase effects of the pixels with arbitrary shapes and sizes, thus
leading to a greatly reduced quantization error and making it
suitable for large-scale scenario sensing. The proposed system
model allows free pairing of transmitters and receivers in the
network and makes full use of the multi-view observations, rjg 1. The distributed multi-view ISAC system in the cellular wireless
further resolving the occlusion problem any individual receiver  communication network.
may encounter in large-scale environment sensing. We then
propose a low computational complexity alternating optimization
(AO) algorithm, which iteratively performs sparse reconstruction I. INTRODUCTION
and occlusion detection to obtain accurate sensing results. Finally,
the performance of the proposed method is analyzed. Extensive A. Motivation
numerical results verify the effectiveness of the proposed method.
N the future sixth-generation (6G) wireless networks, many
. o emerging applications like autonomous driving, unmanned
_Index Terms—Integrated sensing and communication (ISAC), zerig| vehicles, intelligent robots and so on, require accurate
distributed sensing, occlusion effect, multi-view sensing. . . . . . .
environmental information including locations, shapes, and
electromagnetic (EM) characteristics of the surrounding targets
in large-scale scenarios [1]. One of the potential solutions is
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of electromagnetic signals, preventing them from propagatiagldition, there are still many potential environmental sensing
further and making some receivers unable to receive thdasehnologies that can be applied to multi-view ISAC, multiple
signals, which is called the occlusion effect [7], [8]. Thereforeadar technology [16] , simultaneous localization and mapping
each transceiver faces a different environment and hagSiAM) [17] , distributed compressed sensing [18] , multi-
unique measurement view, and multiple views from multipleiew machine learning [19] , etc.
transceivers should be exploited together. The joint processingn addition to the above multi-view ISAC design ideas,
of these unique views of an unknown environment also bringemputational imaging [20] as a potential environment sensing
much dif culty. In addition, the re ection, scattering, andtechnology has recently been applied to wireless communi-
diffraction of EM waves by continuous objects should beation systems. Fully exploiting the sparse distribution char-
considered, which are more complex than those of idestteristic of target objects in the environment, computational
point objects. Generally, the Huygens' principle can accuratelyaging is a high-resolution imaging method and has great
describe the propagation characteristics of electromagnaimtential to become an ISAC system design method. Different
waves, but such a complex model not only makes the inversifsam conventional imaging methods, such as the radar method,
of environmental information challenging, but is also unnecethe computational imaging method can obtain environmen-
sary for communication. Therefore, the designed model nedéds information through pixel division, that is, dividing the
to take into account both accuracy and complexity. unknown environment into discrete pixels as the smallest
The last challenge to consider is to design a distributéhaging unit and imaging by calculating the value of each
multi-view sensing architecture in large-scale wireless commpixel. Based on the compressed sensing (CS) theory [21] , the
nication scenarios [9], [10]. It would be best if jointly multi-environment sensing problem has been transformed into the
view sensing of a large number of transceivers in a largsparse reconstruction problem, which is solved by orthogonal
scale scenario could be achieved, but due to the limitatiomgtching pursuit (OMP) [22], generalized approximate mes-
of sensing range and computational complexity, only partishge passing (GAMP) [23] and other widely used methods.
joint sensing may be achieved. A large-scale scenario willomputational imaging has the advantage of enabling imaging
be divided into multiple smaller local areas for sensing. Atith high resolution, especially for tiny targets. Consequently,
the same time, as the environment and the location of ttiee computational imaging method has many applications,
transceiver change, the transceiver measuring each part widluding medical examinations and security checks. However,
change. A general sensing architecture needs to enable eogventional computational imaging is usually limited to a
combination of transceivers in a large scenario to perforsmall range, which cannot be directly applied to large-scale
distributed environment sensing. wireless communication scenarios. In large-scale wireless
Motivated by the above three challenges, in this paper, wsemmunication scenarios, high-resolution pixels usually result
propose a low-complexity general distributed multi-view erin a huge amount of calculation. Moreover, directly applying
vironment sensing architecture as an innovative ISAC systdange pixels will inevitably lead to a huge quantization error
design in large-scale wireless communication scenarios. caused by pixel division [4], [8]. The EM characteristics of
the pixel point cannot represent the EM characteristics of the
area where the pixel is located. Therefore, how to set the size
B. Related Works of pixels to achieve a trade-off between calculation amount
So far, some research works have proposed the ideaa®dl sensing accuracy has become an unprecedented problem
multi-view ISAC. From the perspective of multi-view archifaced by computational imaging in wireless communication
tectures, in [7], the author describes the blueprint for multipkzenarios.
base stations (BSs) cooperative sensing in 6G. A frameworkSome works have considered applying computational imag-
of multi-BS cooperative sensing is proposed, which breaksy to ISAC system design. Based on computational imaging
through the limitation of single-BS sensing to achieve longind non-orthogonal multiple access technology, a millimeter
range and accurate sensing. In [10], both centralized amdve ISAC system exploiting the sparsity of the environment
distributed architectures of multi-view sensing for wirelesg proposed in [4]. Considering the complex propagation
communications are proposed. For each architecture, the keyracteristics of wireless signals, occlusion, diffraction, and
performance indicators are pointed out. diffraction characteristics are jointly considered in computa-
From the perspective of multi-view sensing algorithms, [1}onal imaging technology to achieve multi-view sensing in
proposed a multiple ISAC devices outputs fusion method teireless communication systems [8]. The above methods have
achieve a higher sensing performance by exploiting muliiroposed effective ISAC system design ideas, but they need to
view data redundancy. A downlink mutual interference modebnsider the errors caused by pixel division in computational
of adjacent ISAC BSs was designed in [12] to deal witthmaging. In addition, the centralized processing architecture
the downlink mutual interference, including sensing-relataiakes these methods dif cult to apply in large-scale scenarios.
interference. In [13], the author proposed a vertical federated
edge learning system for collaborative objects/human motign , .
recognition by exploiting the multi-view wireless sensing daty: Main ldeas and Contributions
collected by distributed ISAC devices. In multistatic radio In this paper, we propose a novel general distributed multi-
imaging, [14] and [15] achieve accurate sensing resolution anéw sensing architecture with canceling the pixel division
robustness through the collaboration of distributed nodes. érror, which extends computational imaging to large-scale



scenario for the rst time. Our design is depicted as followgresents the environment setting and system model in the
For architecture design, in the outdoor large-scale wirelelsgge-scale communication scenario. Section Il proposes the
communication scenario, we establish a pixel coordinate sysulti-view environment sensing algorithm. In Section IV, we
tem for each BS and user equipment (UE) to represent thaealyze the impact of the proposed pixel division method
measurement view of its location. We divide the non-uniformnd multi-view sensing method on the system performance.
pixel coordinates according to distance and angle, which intiginally, Section V presents the numerical results, and Section
itively describes the occlusion effect and the received powet concludes the paper.
of pixels. Inspired by the application of Huygens' principle Notation: Fonts a, a, and A represent scalars, vectors,
in antenna theory, we consider the continuous characteristirsd matrices, respectively. '"Aand kAkr denote transpose
of object surfaces in the environment and propose a sigrald Frobenius norm of A, respectively. j j and [] denote
propagation model based on the integral form to achieve ttree modulus and the catenation of the matrix, respectively.
cancellation of the phase error that plays an important rolaepresents the Hadamard product between two matrices.
in large-size pixel division errors. Based on the overlap arnally, notation diag(a) represents a diagonal matrix with
position relationship between pixels, we propose a coordinate entries of a on its main diagonal, and () is the Dirac
mapping method so that the pixel coordinate systems of diffetelta function.
ent views can be mapped to each other. The proposed method
supports a distributed multi-view architecture. In large-scale I
deployments, BSs and UEs can exibly cooperate according
to practical conditions. For instance, subsets of BSs mdy Distributed Multi-View ISAC Scenario
exchange data to reconstruct partial environments, or all BSsAs shown in Fig. 1, we proposed a multi-view ISAC system
may participate jointly when a global environment reconstrugn the cellular wireless communication network where multiple
tion is desired. This exibility allows the algorithm to scaleBSs and multiple active UEs such as cellphones, vehicles, and
to different network sizes while avoiding the bottleneck ofirones are deployed. In the cellular millimeter wave commu-
centralized processing. nication scenario, multiple UEs send uplink communication
For algorithm design, we propose a joint multi-view sensingata to BSs. We consider that the transceivers are phase-
algorithm for the cooperating BSs and UEs. According to tHevel synchronized and UEs have been positioned with a small
proposed model, we jointly process the signals of multipfeaction of the wavelength A speci c communication modu-
transceivers and carriers and convert the environment sendatipn method is adopted such as orthogonal frequency division
problem into a CS reconstruction problem based on the spanseltiplexing (OFDM). The transmitted signal is scattered by
characteristics of the environment. To deal with the differencesildings and received by BSs through multipath channels.
in views of different transceivers, we propose an alternatifitherefore, the received signal of the BS contains environ-
optimization (AO) algorithm based on GAMP. The proposemental information, and the transceiver signals between the
AO algorithm iteratively performs sparse reconstruction arldEs and the BSs are exploited to detect and sense target
occlusion detection to obtain accurate environment sensiolgjects such as buildings in the environment. Our purpose is
results. Additionally, due to the pre-divided non-uniform pixelto process and detect the environmental information in the
and mapping method, our proposed AO algorithm achieves lewmmunication signal to achieve environment sensing in such
computational complexity in the large-range scenario. kind of wireless communication framework.
The main contributions of this paper are as follows: Addressing the occlusion problem is the research focus
f the proposed distributed multi-view sensing scenario. As
architecture. Based on non-uniform pixel division an hown in_Fig. L the B.S can only receive signals from nearby
: ; get objects, while signals from farther away targets cannot
mapping, we enable free cooperation between BSs g )
UEs in the environment and fully use each transceive?’)se T?CG“’ed becauge they are occluded or too far away. In
ddition, the occlusion effect will also occur on the front and

unique view to achieve large-scale environment sensing. : :
Based on the continuous characteristics of object surfac saCk S|de's of the same target ObJ?Ct’ S0 that the BS can only
receive signals from the side facing it. We need to jointly

we propose a novel signal propagation model based §Z1ocess multi-view signals from multiple BSs and UEs to deal

. . . . ith common occlusion effects and achieve complete sensing
error, which extends computational imaging to a larg . » o ;
. o . . of the scenario. In addition, for distributed sensing, the fan-
wireless communication scenario for the rst time. - )
shaped area in Fig. 1 shows the sensing range of each BS.

To achieve joint multi-view sensing between the coop:= . o - .
erating BSs and UEs. We propose a low computationgf’wh BS cooperates with UEs within a limited range to achieve

complexity AO algorithm that iteratively performs spars«lgJartlal sensing results in a large-scale environment.

reconstruction and occlusion detection to obtain accur. tzeé‘S shc;;/_vn_m F;gAZC we conglderr? simpli ﬁd Iz-%rlr;ensm:nal
environment sensing results. ) multi-view scenario, where multiple s act as

The perfqrmance of _the propose_d plxel dIVISlon method 1We mainly focus on scenarios with stationary or quasi-stationary antennas,
and multi-view sensing method is analyzed, with exteRhere phase-level synchronization and high-precision positioning are more

sive humerical results Validating their effectiveness. feasible. For movable antennas, there exist emerging technologies that can
) ) ) ) enable high-accuracy positioning and facilitate synchronization [24]. In Sec-
The rest of this paper is organized as follows. Section tbn VI-C, we discuss mitigation strategies for practical deployments.

. ENVIRONMENT SETTING

We propose a general distributed multi-view sensin
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Fig. 3. Pixel propagation gain models in a 2D scenario.

intuitively describes the occlusion effect and the received

power of pixels. In the same direction, targets located at closer
(a) Single pixel coordinate grid ib) Multiple pixel coordinate grids in  pixels will occlude pixels farther away. For example, in Fig.
a 2D scenario. a 2D scenario. 2(a), target 2 occludes target 1.

Fig. 2. The pixel division method in a 2D scenario. We use the scattering coef ciehk, to represent the en-

vironmental information in the gith pixel. If no target object

ns-th pixel, x,, = 0. Otherwise, we have x 2 (0;1].

erefore, the environmental information of the ROI can

e characterized by the scattering coef cient vector x =

transmitters (Txs) and send communication signals to muItip'.P?1
BS receivers (Rxs).In the considered system model, we
de ne the region of interest (ROI) as the environment t

be sensed. The ROI represents the entire large-scale e N . . . . :
e environment itself. The environmental information only

ronment, and its location and size are determined by the . .
. . ends on the environment and is not related to the propaga-
sensing coverage of the coordinated BSs and UEs as : . .

n patl. In the following sections, we add a subscript to x

e
10
0 _indicate the chosen environment information vector of the

as the speci c application requirements. For example, in i:w
intelligent transportation scenario, the ROI can be set as the . . . )
coordinate systems under different transceiver views.
he targets within the ROI are located in different pixel

road area where vehicles and pedestrians are located, while'i
an industrial scenario, the ROI can be set as the interior space . . .
of a factory. The speci ¢ size and shape of the ROl do n rids for different trans_celvers. Fig. 2(b) shows 'Fhe pverlap
. . between the two coordinate systems. As shown in Fig. 2(b),
affect the proposed model and algorithm, as they are designe . - . L
red and blue pixels are divided according to the positions of
the UE and the BS, respectively, and the targets in the ROI

to be irrelevant to the ROl geometry.
. . are located in different pixels in the two coordinate grids. At
B. Pixel Division Method the same time, in the groposed pixel division meth?)d, for a
In this section, we discretize the ROI using pixel-basegngle transceiver, targets in pixels that are distributed closer
representation, where each pixel characterizes the spagialone direction will cause the occlusion effect of farther
distribution of objects and their electromagnetic scatteriqueb, and the environment observed by different transceivers
properties. In the conventional computational imaging methad, different. For example, in the red grid from the view of
the 2D environment is uniformly divided into multiple pix-the UE, target 2 occludes target 1. In the blue grid from
els. To achieve general distributed multi-view sensing, Wfe view of the BS, target 3 occludes target 1. Based on the
diSCI‘etize the enVironmental information W|th|n the ROI int@iﬁerent views of each transceiver, each view has a partia'_
non-uniform pixels and establish a unique af ne coordinatgew measurement equation. We jointly solve the measurement
system for each transceiver. Fig. 2(a) shows the pixels frasguations of multiple transceivers to achieve a complete multi-
the view of a single BS or UE. In the entire scenario, eveRjew environment sensing of the ROI. Meanwhile, since it is
UE and BS has a separate coordinate system. The methogre-divided pixel grid, the occlusion relationship between
of dividing pixels in a 2D scenario is to divide the ROI intopixels can be directly de ned before the imaging process,

equal angle intervals according to the angle of departure/arriyghich effectively reduces the computational complexity of the
(AOD/AOA) of the transceiver and to divide the ROl intogensing algorithm.

several equal layers perpendicular to the direction of the array.
In the 3D scenario, the pixels in the 2D ROI can be rotated
into equal intervals to Il with pixels in the 3D scenario. _ o o _

Let the interval between each divided angle geand the A. Propagation Model with Pixel Division Error Cancellation

interval between each layer is.drherefore, the position of N The proposed environment sensing method based on com-

pixels in the ROI is denoted as p, [; ds], where N, denotes putational imaging divides the environment into several pixels,
the number of pixelé. The proposed pixel division method
“Diffraction is typically much weaker than the dominant scattering paths
2|t is noteworthy that the analysis method for 3-dimensional (3D) scenariasd is therefore neglected in the main model. When its contribution becomes
can be derived using a similar approach. non-negligible, it can be naturally absorbed into the estimated scattering
3We use quadrilateral pixels as shown in Fig. 2, which is different froraoef cient. The pixel-based model can also be extended to explicitly include
polar coordinates. In addition, the proposed method can be performed wdifiraction and other propagation effects [25].
pixels of any shape. 5We assume that targets do not cause any phase rotation of the signal.

IIl. SYSTEM MODEL



and the environment sensing result is obtained by calculatiresource overhead, such as the number of antennas, number
the scatter coef cients of pixels. In this section, we describef carriers, storage space, computational complexity, etc. In
the proposed propagation model based on a global coordinatder to achieve the sensing of the large-scale environment,
system. In the following sections, this global coordinate syss«e propose a method of using large pixels for computational
tem can be replaced by an arbitrary coordinate system framaging inspired by the application of Huygens' principle in
the view of any transceiver. As mentioned in Section I-B, hoantenna theory. According to the application of Huygens' prin-
to eliminate pixel division errors in the propagation moddiple in antenna theory, the antenna aperture surface is divided
is the key to achieving large-scale environment sensing. Timo many surface elements as secondary radiation sources,
speci ¢ environment sensing method is as follows. To erand the entire aperture surface radiation eld is calculated by
sure high sensing accuracy, we consider multiple subcarriesemming the radiation from all secondary radiation sources,
For the n-th subcarrier, the communication signal betweewhich is also called Huygens sources. Based on the above
transceiver pair propagates through multipath channels. Ttheory, considering the continuous characteristics of the target
multipath propagation gain j}°5 2 CN=N 7 is mainly surface, we also divide the considered scenario into pixels but
composed of two parisi.e. the free space propagation gaimse an integral method to precisely calculate the propagation
AP 2CNsN 7 from the Txs to pixels and the free spaceain from the antenna to the pixel position, as shown in Fig.
propagation gairfi;'R* 2 CN= N = from pixels to the Rxs, 3(b). We calculate the impact of the entire pixel area on the
where Nr is the number of Txs and Nis the number of Rxs, propagation gain and the propagation model in (1) that can be
which are also the number of UEs and BSs in the scenarieformulated similarly to the summation of Huygens sources.
respectively. As shown in Fig. 3(b), part of propagation gain from the-n

As shown in Fig. 3(a), take rectangular pixels as an examplB, Tx to the rr-th Rx which scattered by thesfth pixel is
the above-mentioned free space propagation gain is calculagéttulated as

through a statistical channel model based on the antenna_ - 2z hDa rPn spPsiRxn g
position and pixel position in conventional computationalhny © T R= : 3 : dxdy;
imaging methods. Let the position ofrrth Tx be (%, ;Yn;) Sns e @)
and let the position of gth pixel center point be (x; yn.), da .
the free space propagation gain from the-th Tx to the n-th hR‘” TIPn s = N oy (3)
pixel is calculated as p 4dr
dT = (XnT X) 2+(y nr y) 2; (4)
thnT!Pn SZL Zjd: ng -+ 1 2id g
; ng 24 e f] ( ) hrF:?s!Rxn R — 2 nge > R ; (5)
- i p
where d=" (Xn; X n )2+ n; Y n.)2, n, is the wave- dr = (Xnp X) 2+(ne Y) 2 (6)

length of the n-th subcarrier and d is the distance between R

the antenna and the pixel. In additiorﬁ,?h”x“ R,hﬁjnﬂpn s where (X;y) 2 S, Sp, are the set of differential points

and H"s'®" = can be the computed in a similar way. within ns-th pixel range, ¢ and d is the distance from the
However, it is impractical to directly apply the conventionadlifferential point to the transmitting and receiving antennas,

computational imaging propagation model as shown in (1§spectively. The area ofsith pixel is denoted by §. It

to environment sensing. The reason is that the phase errigrgvorth noting that we follow the cascade channel approach

caused by dividing into pixels have the greatest impact avidely adopted in radar and wireless communications [27],

computational imaging performance [4], [8]. In Fig. 3(a)[28] to obtain the product termff" 7P shfnsiRn = in (2).

when the target in the environment deviates from the centEifeé propagation gain over thesth irregularly shaped pixel

of the pixel, a phase error will occur. There is a wave paif obtained by numerically integrating the propagation gain

difference between the path from the antenna to the pixel a@\¢er its coverage aréaS,.. In practice, §, is uniformly

the path from the antenna to the point target, which caugetitioned into suf ciently small subregions, and the integral

the phase error in the propagation gain of the two patHs.approximated by the summation of the gain contributions

Therefore, when the pixel size exceeds one wavelength, fhem all subregions. Since the pixel division is xed once the

phase error becomes almost a random error, and this errofrafsceivers are deployed, these integrals can be computed and

more obvious in planar targets. In conclusion, the propagatigtored in advance, thus avoiding repeated computations during

phase characteristic from the center point of the pixel to ti@e distributed execution of the proposed algorithm.

antenna cannot represent the propagation phase characteristié§e proposed computational imaging propagation model

of all locations within this pixel range. The speci ¢ theoreticafan effectively cancel the effects of phase errors. If the pixels

analysis of errors is provided in Section V-A. are divided on a uniform plane, then the error of pixel division
The conventional computational imaging method can onfan be completely avoided. Only when the pixel area exceeds

support tiny pixels, which results in extremely high sensirdje area of the target object, or the scattering coef cient
of the target object is uneven, errors will be caused in the

8n this paper we assume that the existing LOS channel can be calculated by
the free space propagation model and removed from the channel estimatiofFrom the modeling perspective, (2) is general. Given the geometry and
result because the LOS channel does not contain unknown environmestadttering properties of an object, the integration domain can be either a plane
information. Higher-order interactions are also ignored and treated as naisea curved surface, and the scattering coef cient can also be spatially non-
due to the large attenuation of the mmWave NLoS path [26]. uniform.



BS A to that of BS B, accounting for both the power projection
and the phase alignment between the two views. Each element
is de ned as:

UEnt!Pn 21BSn &
KBSAIBSB  B. A Snang hn, ° ©(9)
ni;NR s''s S A UEnt!Pn AIBSn g’

ns hnf

and N8, N8 are the number of pixels from BS As view
and the number of pixels from BS B's view respectively. In
Fig. 4. The proposed coordinate mapping method. (9), the rst term represents the power mapping coef cient
and the second term represents the phase mapping coef cient
. . ) _ between the two corresponding propagation paths. This map-
pixel d|V|S|Qn process. However, the_se are errors in amphtugﬁ]g matrix shows how spatial energy contributions and phase
and have little impact on the sensing accuracy. The specigtormation are transferred between different BS views. It can

theoretical analysis of errors is given in Section V. be concluded that the sum of each column of the mapping
matrix KBSA'BSB s 1, because the sum of the overlapping
B. Coordinate Mapping areas of a pixel and other pixels is equal to the area of the

In order to jointly process data from multiple BS views anB'Xeé itself. The power mapping coef cient fromgnth pixel
multiple UE views, we propose a coordinate mapping methd@ Ns -th pixel described in (9) is denoted by, Sy =Shs -
to achieve mutual mapping of pixels from different views. In addition, the coordinate system mapping method ex-
The proposed method speci cally includes two parts: powd¥essed in (8) is also suitable for mapping UE to UE and UE
mapping and phase mapping. to BS. The calculation of the mapping matrix is also related

a) Power Mapping: As shown in Fig. 4, we propose &0 the coordinate values that need to be mapped. For example,

power mapping method based on pixel area. For example, R&PPINg the scattering coef cient of a pixel only requires a
the pixels from the view of BS A be red, and the pixels frorROWer mapping coef cient, while mapping the propagation
the view of BS B be blue. Red pixel 1 overlaps with fougain of a pixel also requires a phase mapping coef cient.
blue pixels. We multiply the scattering coef cients of blue
pixels 2, 3, 4, and 5 by different weights (power mapping
coef cients) according to the size of the overlapping are@. Multi-View ISAC Model

S1.2; S1:3; S1:4; S1.5 10 Obtain the scattering coef cients, i.e., ) ) . .
Multiple UEs and BSs in the environment share time-

xBSA = @@SB + Exgss + %XESB + %XESB; ) freq_uency resources, we assume 'Fhat the channel_is a quasi-
S S3 Sy Ss static channel where transmission timgdf a communication
where each x represents the scattering coef cient of each pixegsource block is much shorter than the channel coherence
b) Phase Mapping: The phase mapping step essentidijpe Tc, i.e. T, T ¢, and the UE is stationary within the
ensures pixel mappings synchronization after transceiver sgeherence time.
chronization. We perform phase mapping based on the posiOur research focuses on preserving the communication pro-
tional relationship between the pixel and the transceiver. WWess and implementing sensing passively, using only existing
consider that the free space channel without the unknowammunication signals and equipment to avoid interruptions
environmental information can be modeled as a deterministic communication services. In the uplink, we adopt a stan-
geometric channel. Based on the free space propagation géand OFDM-based multi-subcarrier signaling scheme, where
calculated in (2), the phase mapping coef cient is calculatezhch UE transmits modulated data symbols over orthogonal
as the phase difference between the paths before and adtdvcarriers with xed subcarrier spacing and a cyclic pre x.
mapping. For example, for the +ith subcarrier, the a-th UE  Under this communication model, practical issues such as
and the i-th BS, the phase mapping coefcient mappindrequency-selective fading and inter-carrier interference are
the rnt-th pixel in the coordinate system of BS A to thealready handled by the communication system through channel
nB-th pixel in the BS B coordinate system is expressed astimation, equalization, and OFDM orthogonality [29]. The

hpe" TPn 2BSN & =hyen TN $BSN R posed on (2) where estimated channel state information (CSI) on all subcarriers is

the global coordinate system is replaced by the coordindf€n passively exploited for sensing, enabling joint multi-view

System from the view of BSs A and B respective|y_ SenSing without intrOdUCing additional Signaling overhead. For
Considering the above two mapping coef cients, for the n the ng-th subcarrier, the estimated multipath propagation gain

th subcarrier and thegtth UE, we map the BS A coordinateNE+®St  from UE 1 to BS 1 is expressed as

system »SA to the BS B coordinate systenPX8, i.e.,

f\UELBS1
BSB _ i BSAIBSB  BSA. Ny
X =K ;> X (8)
finR ' UELIPN  JF' 1BS1
BSAIBSB NEN A = M, ) v e KE?l!UEl xBSt+n; (10)
where Kg=>ot 2 C%s ¥ s is the mapping matrix. This RUELPN  BUBST | Bsi | BS1BS1 LBSI, . 1)
N ng )

matrix maps the pixel-wise propagation gains from the view of =



I UELIPN VB! 1BS1
ﬁHfEl.BSl ot s v UEL g Efsuua
- g : é xBS 4+ n: (13)
UEN 1 !IBSN R UEN 1PN Y T1BSN UEN BS1IUEN
ﬁ“f NNt 1 Py T ° v Ky T NgNy N BSt

where the results of (10) and (11) are the same, but thegws instead of simply mapping the occlusion vector of one
are the observation equati§nisom the BS1 and UE1 views, view to the occlusion vector of another view.

respectively and n represents the ndis&he mapping ma- In this paper, we take the BS1 view coordinate system
trix from UE 1 to BS 1 is represented by BR'WEl 2 as an example of how to design the sensing algorithm. The
CNS NP (10), We map the coordinate system of theroposed algorithm in the practical scenario is suitable for any
UE1 view to the coordinate system of the BS1 view whefldE and BS. Based on (10), we jointly process the multipath
FYELPN BT 5 1N ¥ g the free space propagatiorPropagation gain of N UEs and N BSs, which results in

gain from the UE 1 to the BS 1 which scattered b8y (13) as shown at the top of this page. By stacking the estimated
pixels. The occlusion vectdt from UE 1 to the BS 1 is channels over all subcarriers, transmitters, and receivers, the

denoted as ¥E! 2 f0;1g1N <, multi-subcarrier sensing model can be written as (14):
— BS1,,BS1 .
UEL _ . UELY. A=A BSIx®t+n: (14)
VUEL = £ o (x; p UEL); (12)
whereA = fig;in Ay, , ABST = ABSLio ABSL R

where p’E! is the position of pixels from UE1's view. is the channel estimation result obtalned in the communication
Environmental information x includes 86, xYE, etc. f,()  which is the left term of (13), and &' is the reference
which is de ned in (3)-(5) in [8] based on the geometrignatrix in the right term of (13). 85! represents the unknown
relationship. However, in this paper, the occlusion detecti@nvironment information to be solved and& ;:::;vUENT
function can be simpli ed to the intuitive occlusion detectiorare the unknown occlusion vectors. The remammg variables
method described in section II-B, that is, detecting objects @an be obtained through the models in 1lI-A and 11I-B.
closer pixels that occlude farther pixels. (12) shows that the
occlusion vector is determined by the environmental targetV. MULTI-VIEW ENVIRONMENT SENSING ALGORITHM
information and the divided pixel position. The distribution of |n this section, we propose an iterative multi-view environ-
different occlusion vectors re ects different partial views fronient sensing algorithm. Fig. 5 illustrates the proposed multi-
different UEs and BSs. The zero element in the vector meagiéw ISAC scenario where each BS rst acquires its local
that the UE or the BS cannot sense the corresponding pixgkl| from the uplink transmissions of UEs. To perform multi-
and the corresponding pixel is out of the sensing range of thigw sensing, each BS also requires the CSI collected at the
partial view. other BSs! Once this information is exchanged, each BS
In (11), similar to (10),AYF'PN <7 1BSL 5 ciN 2 s can independently execute the proposed iterative multi-view
n¢
the free space propagation gain from the UE 1 to the BSsgnsing algorithm using its own pixel grid and mapping matrix.
which scattered by 85! pixels. The occlusion vector from In this way, the full multi-view sensing can be achieved locally
UE 1 to the BS 1 is represented b§$} 2 f0; 1g N &' and at each BS without relying on a single central processing
K BSUBSL 2 CNI* N I s the mapping matrix from BS 1 node. we jointly consider multi-view measurements of the
to BS 1. There is a theoretical mapping method f8FV and environment and transform the multi-view sensing problem
vBSl yUEL - j(K BSLUEL \BSl g= () where 1() means iNto @ CS sparse reconstruction problem and propose a fac-
the corresponding element value is 1. However, the occlusii graph relationship between multi-view measurements and
effect is determined by the environment, and the occlusi@ivironmental information based on an approximate message
vector WEL or vBS! represents the comprehensive result d¥assing algorithm, and the occlusion effect is solved by the AO
occlusion from the two views of BS and UE, which shoul@lgorithm. It is worth noting that in the following derivations,

be jointly detected through the imaging results from differef@r clarity, we omit all superscripts related to “BS1” unless
otherwise specied. For example, (14) would be written as

8Note that for clarity, we do not introduce multiple- |nput and multlple|q AX+N.
output (MIMO) technology into the model. The transceiver in this paper can be
extended to a multi-antenna system, and the proposed method is still effectixe. proplem Formulation
For speC| ¢ models that include MIMO and beam-space modeling, please refer
to previous work [30]. As shown in Fig. 5, we let the uplink communication

9The noise comes from the noise of the channel itself, and also includes’g\qjcess between a transceiver paif {ih UE and r1x-th BS)

channel estimation error caused by clock bias, phase bias and UE positio
errors. In practical systems, calibration methods should be used to red a measurement of one view and obtain channel estima-

these errors. tion result, which is modeled in (13). Jointly processing the
10The binary occlusion detection vector may be affected by partial occlu-

sion, which typically occurs only near object boundaries and is uncommon!!This exchange of CSl is the additional data exchange for multi-view

in most regions. As shown in Section VI, the proposed algorithm remaisensing, and its communication overhead is comparable to that of centralized

effective even under such conditions. processing, where a central node collects CSI from all BSs.
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Fig. 5. The proposed multi-view ISAC scenario and the factor graph.

propagation gains of Nsubcarriers between multiple UEs andnd regards the CS measurement matrix A as a known matrix,

BSs, we can obtain a total of M measurements, where we lghich makes the result inaccurate. Compared with GAMP, the
M = N ¢NtNg to simplify the expression. However, even ifbilinear GAMP algorithm can solve the bilinear CS problem.

the resources of multiple transceivers and multiple subcarriérssolves the unknown CS measurement matrix A and the

are exploited, environmental information still has more ursparse variable x according to the linear relationship between
known variables than the number of measurements. Therefdhe two variables. However, the bilinear GAMP algorithm

based on the sparsity of environmental target information, wiees not utilize the relationship between the occlusion matrix
transform the environment sensing equation (14) into a GSand the environmental information x and lacks suf cient
reconstruction optimization problem: prior information for the algorithm to converge to an optimal
min ok o (15a) solut?on. Consi_dering the occlusion effect_in a multi-vievy

X ' sensing scenario, the GAMP-MVSVR algorithm proposed in
sttt KA Axk , ™ (15b)  [8] jointly solves the occlusion matrix V and the environmen-

h is ind d ‘g We d ; tal information x. However, the centralized algorithm is not
where x Is independent of frequency. We do not focus of) jiapie for the proposed distributed scenario, and it is not

pptimizing the occlysion vector hgre, as our primary'objectivgasy to accurately solve the factor graph relationship for the
is to sense the environment. Addltlo?glly, the occluslon VeCtBFoposed complex system model. In this section, we consider
remains independent of frequency, " is a slack variable. 0 Ag strategy for algorithm design to solve the shortcomings
) o i of the above algorithms.
B. Proposed Alternative Optimization Algorithm Theoretically, in (15), the occlusion matrix V contains
In this paper, the GAMP algorithm [23] is used to solv@inknown discrete variables. By traversing the entire feasible
the CS reconstruction problem in (15) by using an iterativfpmain, the optimal occlusion matrix V can be found, the
decomposition method as shown in Algorithm 1 in [4]. To thignvironmental information x can be solved, and the upper
end, we formulate a prior density of the scattering coef cienbound of the sensing performance can be achieved. Undoubt-
According to the sparsity of the environment, we model x tedly, the complexity of the traversal algorithm is impractical.
follow a Bernoulli-Gaussian distribution in a limited intervaln the proposed message-passing-based sensing algorithm, the
de ned as main challenge in achieving the theoretical global optimum is
b nj@) = (1 +) (x ) that thg measurement matrix A in'(15)' includes the unkn.own
X7 0s AV occlusion matrix V, and that V is highly correlated with
N a7 7)) ulxn) U ng 1) 5 (16)  the environmental information x. This coupling makes the

where g = [:: *: X] denotes all parameters of theproposed problem substantially more challenging than the

Bernoulli-Gaussian distribution, () is the Dirac function,CO_T_VemIonal CSthprothem. lina bet h ) tal
u() is the step fupction, is the sparsity coefcient of . 0 overcome Ihe strong coupling between the environmenta
; - Cx. x information x and the occlusion matrix V, we reformulate (15)
the environment, =, ;.. N (xj *; *)dx, and o S S
« _ o 2Ll +1) as a joint multi-variable optimization problem, where both the
2 [0;1] and represent the mean and the standard_ . . . .
i . . . . environmental information x and the occlusion matrix V are
deviation of the environmental information x, respectively.

treated as optimization variables, as expressed in (17). This

Different from traditional CS reconstruction algorithms, ir} rmulation introduces a trade-off between the sparsity of X
the considered multi-view sensing scenario, the CS measufg- P Y

ment matrix is an unknown matrix A. The key point of theand the consistency of the occlusion detection functig) f
algorithm design is that we need to solve both the unknown

environment target variables and the occlusion relationship. min kxk; +(1 )kV Y57 f j(x;pYE"T)k2 (17a)
For optimization problem (15), the traditional GAMP algo- xv *" T

rithm ignores the occlusion matrix V , fvVEL ;.. yUEN T g sit: kKA Axk , (17b)



where

An (nT;nR) =

ppUEN 1 1PN JENTiBsn g
ng

UEn 1 BS1IUEn 1.
v Ko :

(18)
In addition, is a given weight, k k represents the Frobenius
norm, nr = 1;:::;Nt, and R =
optimization problem in (17), considering the relationship
between x and V, we employ an alternating optimization
(AO) strategy, in which x and V are updated iteratively to
to determine an appropriate value of and obtain an ef cient
solution. In the t-th iteration, we decompose the optimization
problem in (17) into the following two optimization sub-
problems.

Sparse reconstruction sub-problem: Given the measure-
ment vector based on the occlusion detection results

YUEN Tt in the (t 1)-th iteration, ¥ © is recon-
structed as the solution of a constraingeminimization
problem,
min kxKk q; (19a)
X
st kKA ACD xk, ™ (19b)
where
A%tfl) (nT;nR) =
UEn 1 .
h—ngnT!PN s IBSn r ¢ UEnTi(t1) KE?l!UEn T
(20)

The GAMP algorithm is used to perform the t-th CS
sparse reconstruction. Based on (16), To further reduce
the dimensionality of the problem and enhance sparsity,
we exploit the occlusion matrix to set a structured prior
on x according to the (t 1)-th occlusion detection result,

0; if

P NT\,I\UEnT;(tl) v
Px (Xn.jq); Otherwise;

e xWjg =
(21)

solution to (22) depends primarily on the current esti-
mate ¥® . Existing works typically rely on exhaustive
search, traversing all possible pixel combinations that
might occlude one another [8]. However, this approach
suffers from high computational complexity. In our work,
bene ting from the pixel-based discretization method
introduced in Section 1I-B, we are able to design a
computationally ef cient method that greatly reduces
the complexity compared with a centralized exhaustive
search. Speci cally, based on II-B, we use (23) and (24)
to directly update the occlusion matrix via a thresholded
version of the estimated environmental information,

WwUEN T = f O(X_(t) ;pUEn ); (23)

XD =fe 00 xg; (24)

ing an element-wise indicator function to®¢ Each
pixel is either kept or suppressed depending on whether
its estimated scattering coef cient exceeds a threshold

X 2 [0;1]. This step serves to Iter out noise and weak
artifacts before occlusion detection, thereby improving
robustness. Due to the complexity of the proposed model,
deriving a theoretical error bound or convergence guar-
antee based on message-passing theory is theoretically
dif cult. Therefore, the thresholds are selected empiri-
cally. To improve convergence, the thresholdis grad-
ually decreased across iterations, ensuring that constraint
(22b) is satised and that the algorithm converges to
a physically consistent solution. In complex scenarios,
it is recommended to use a relatively high initial value
for * to avoid overly aggressive detection, which could
deteriorate convergence.

In the proposed AO algorithm, we perform optimization
problems (19) and (22) alternately, and the results of the
two optimization problems promote each other and converge
to accurate sensing results. The specic AO algorithm is

where R (anjq) is de ned in (16) and V is a threshold. summarized in A|gor|thm 1.

The threshold v should be set to a small value close to O.
In (21), we detect whether thesith pixel is completely

occluded from the view of all transceivers according t&- Convergence and Computational Complexity Analysis

the occlusion matrix. This treatment suppresses irrelevantl) Convergence Analysis: The proposed AO algorithm con-
variables and improves the accuracy and stability efsts of two sub-optimization problems as (19) and (22). For
reconstruction. We initialize the occlusion vector v as aaptimization problem (19), assume that the measurement ma-
all-one vector to avoid missing any potential scatteretéx A N is an independent identically distributed Gaussian
during the optimization process. random matrix with in nite dimension and xed aspect ratio,
Occlusion detection sub-problem: From a general pere., M;N ! 1;M=N = . In this case, it is proved that
spective, the occlusion detection sub-problem aims the asymptotic behavior of GAMP obeys the state evolution
estimate the occlusion matrix 46" 7' based on the equation, and the iterative estimation is consistent with the
current environmental estimate® while satisfying the true value. Therefore, in (19), when the prior information (21)
channel propagation gain constraint, which can be eis accurate, a suf cient number of BSs and UEs at random
pressed as locations can ensure the convergence of the algorithm.

For optimization problem (22), when the environmental

; UEn () - HUEN 2 . ! . ’ .
\,Ugn'nT KvEERT o™ T ke (222) information x is completely accurate, the optimal solution
st kA At Ok, ™ (22b) of (22) is to directly calculate the occlusion as (23) and

(24) according to the given x. However, the environmental
Since the occlusion matrix V is uniquely determinednformation x is only an estimated value when the proposed
by the spatial distribution of the environment x, theAO algorithm is executed. Therefore, (19) only obtains a local
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Algorithm 1 The Proposed AO Algorithm
d

- . ((9)) s—t () S
Input: Number of UEs and BSs required for the sensing oint targe \\ anar
: : A S| I I N e
do

method, i.e., N and Nr. The pixel division parameters o ;
s and ¢ of each BS and UE. Number of carriers Bnd  (z..,4.) pixel eenter W () el senter w,

their wavelengths y, . The channel propagation gakh (%0, %0) (0, %0)
estimated by BSs in (17).

1: Initialization: Pre-dividing  pixel  coordinate D T— D ——
systems for BSs and UEs which denoted as
xBSL; ;1 xBSNr and  xUEL;:::;xUENT  Calculate Fig. 6. Two cases of pixel division errors caused by incomplete target lling.
K UE1BS1 K HfEN T!BS1 in (17) from (9) Calculate (left: point target case; right: planar target case).

n
RUEN 18N w i (17) from (2). Set ¥ENTO) = 1,
falN's

2: while kxBSLO x BSL(t1) kg > " kxBSL(tD) ki , approach, the proposed occlusion detection method has a
where '} is a given error tolerance value in t-th iterationcomplexity of only O (kxk), making the method scalable

do and more suitable for large-scale deployment. In summary,
3:  Calculate the prior probability of 350 in (21). the complexity of the proposed AO algorithm is expressed
4:  Solve optimization problem (19) by GAMP algorithm.as O (NsNtNtNg + kxk o). For the pixel coordinate position
5. Solve optimization problem (22) by (23) and (24). calculation and the numerical integration of the propagation
6: t=t+1: gain in the initialization stage, not only can they be executed
7: end while in parallel, but they only need to be calculated once in
Output: Estimated target object 50 in BS1 view coor- advance before the algorithm is executed, so the impact on

dinate system. the computational complexity is small.

3) Communication Overhead Analysis: In the distributed
multi-view sensing framework, each BS rst estimates its local

optimal solution, and the result may deviate from the glob&S! from uplink transmissions and then exchanges it with
optimal solution, which depends on the difference between tAE'er cooperating BSs to enable multi-view reconstruction.
estimated value x and the actual result. This CSI exchange constitutes the main source of com-

Combining the above two aspects of analysis, from t/ljgunication overhead. The overall communication overhead

perspective of alternating iteration, the solutions to the t " s_ensing_is O(N NrNy). Unlike im‘?‘ging_ methods that .
sub-problems are both locally optimal, and the algorithﬁ‘?qu're sharing raw measurements or high-dimensional sensing

cannot certainly converge to the global optimal solution. | ,SU|tS' the proposed framework only exchanges CSl, whose

addition, to ensure exibility, scalability and practical perfor- imension does not grow with the sensing resolution. As a

mance, we improve the convergence of the algorithm in tw sult, mcrleasdlng thzd§§n3|r:g area or re mng;hz pixel ﬁ.”ﬂ
ways. First, through multi-view observations, we obtain #5°¢S not lead to additional communication burden, whic

many measurement equations as possible, thereby increa?lﬂables scalable operation in Iarge-spale scenario_s. Moreover,
the constraints on the environmental information x. SeconHﬂ,|e progosed archlt(cej(_:ture aIIow; e|X|bIe colt()peractjlp_n amgnsg
by accurately modeling the geometric occlusion relationshi&sSS and UEs accor Ing to practpa netyvor conditions. I
among pixels, we constrain the feasible solution space of Q)(Change can be restricted to neighboring nodes or selected

and x, which promotes consistent and stable reconstructi(ﬁWSterSf thereby gvpiding full ne_ztwqu-wide information shar-
It is currently dif cult to provide a rigorous theoretical proof'ng' This further limits communication overhead and reduces

that the proposed algorithm converges to the global optimuff"Sitvity to network latency.

The proposed approach is evaluated based on consistent per-

formance gains over existing methods in extensive numerical V. SYSTEM PERFORMANCE ANALYSIS

experiments. These results demonstrate that, despite the lack_ L

of strong theoretical guarantees, the proposed algorithm‘ls Pixel Division Accuracy

reliable and effective in practical scenarios. In this section, we analyze the impact of pixel division
2) Computational Complexity Analysis: The computation@in sensing error and verify that the proposed pixel model

complexity of the two sub-problems is analyzed as followsepresents the real environment more accurately. In this section

The computational complexity of the CS reconstruction in (18ye assume that pixels are rectangular to make the formula

is expressed as O (N¢N+ NR). It is considered that the num- clear. As shown in Fig. 6, we analyze the errors caused by pixel

ber of pixels N, has a major in uence on the computationaflivision in two cases: point targets and planar targets. Let the

complexity. The proposed method can use pixels with largétenna be located at {xya) ang the central of the pixel at

areas, thereby reducing the number of pixels and reducifip;Yo) and introduce d(x;y) = (Xa X) 2+(ya Yy) 2 as

the resources required for sensing. For optimization problghe distance between the antenna and an arbitrary point in the

(22), bene ting from the pre-division of the coordinate systerpixel. We will use d(x;y), d(u;v) or d(t; ¥) with identical

during initialization, the occlusion detection problem can beeaning but different dummy variables.

quickly calculated by table lookup. Compared with the com- 1) Point Targets: For the point target shown in 6(a), mod-

putational complexity O (N NrNgkxko) of the centralized eled using conventional computational imaging as in (1), the




11

phase error £ caused by the point target deviating from the ROI
pixel center, is derived by calculating the average error :

z Xo+l 5222 Yo+w ¢=2 2 Jd(X,y) d H

0i Rx blind zone\,_~"
dxdy; (25)

“Tx blind zone

€1c = I
Xol s=2  yow =2 sWs

W
where ¢ = P (Xa X 0)2+(ya Y 0)? is the distance be-

tween the antenna and the pixel.

The phase errorig caused by the proposed method is - (tfrg%

expressed as

z Xo+l SZZZ Yotw =2 2 Jd(Xy) d H

p) /:i:/::/ Ls
erp = dxdy; (26) (1)
Xo | §=2 YoW =2 ISWS [T}
where @ is the average distance from pixel to antenna in an
integrated form (wT’; )
.
VA Xo+l ¢=2 z Yo+w s=2 d(U'V) (R, YR)
d, = ~—~dudv: 27)
xol 522 yow 522 1sWs Fig. 7. Sensing ranges under different views.

Compared to the conventional computational imaging
method, the proposed method has similar errors for pomt
targets. This is because, for point targets, the average distance
error caused by random distribution within pixels is similar to
the average distance error obtained by the proposed |ntegrat|o
method. For square pixels, the average distancealculated
in (27) is almost the same as the distangefrdm the center
of the pixel to the antenna in (25). However, ideal point targetsIn this section, we analyze the accuracy of the sens-
are unusual in practical scenarios. In a practical scenariag. At rst, the sensing range differences between different
smaller targets can be accurately sensed by dividing smalignsceiver views are crucial to the sensing performance. In
pixels until the resolution limit is reached, which is determinedddition, we analyze the impact of the sparse reconstruction
by the wavelength. sub-problem in (19) and the occlusion detection sub-problem

2) Planar Targets: For the planar target as shown in Fid (22) on the algorithm performance. We use the mean square
6(b) , the phase errorg caused by the conventional methocrror (MSE) between the estimated value X and the true value

the planar target model. Thg, dn (30) of the proposed
odel is close to dand makes the error as small as possible,
Remally when the planar target completely lIs the pixel.

B. Multi-View Sensing Accuracy

is expressed as x of the environmental information to describe the accuracy
Z ot =2 Z yorw =2 2id (x d o of the seqsipg result as MSE = kx' Xk3=Ns.
& = id(xy) d of dxdy: 1) Multi-view Sensing Range Difference: In the model of
' xol s=2  yow =2 lsws (20), the sensing range difference caused by occlusion effect
(28) is re ected in the number of zero elements in the occlusion
2 =2 L yaw =2 d(u; v) matrix V. The proposed AO algorithm is to detect and
di(x;y) = Y dudv; (29) eliminate occlusion effect as much as possible. In Fig. 7, we
X' A show the multi-view sensing scenario of a single transceiver
where @ = (xa X 0)2+(ya Y 0)? is the distance be- pair asin (10). For an ideal circular target object with a random
tween the antenna and the pixel, and the length and the wid#dius of 2 (0;Rs] in ROI, there is a red blind zone for
of the planar target are denoted hyand w. Tx and a blue blind zone for Rx. Let the positions of Tx and
The phase error,g caused by the proposed method iRx be p™* =[x 1;yr], and ¥ =[x r;Yr], respectively. The
expressed as random target position isp= [X s; ¥s] and position of the ROI
Z xotl =2 Z yorw o=2 2id(cy) d o center point is f°' = [X roi ; Yror ]. The occlusion matrix V
&p = dedy; (30) is assumed to follow a binomial distribution.
xol =2 _yow =2 lsws Theorem 1: The probability that the element in the occlusion
XoH s=2 % YotW s=2 gy matrix V is 0 can be approximated as
dy = dl(b\'/vv)dudv: (31) PP "
Xol =2 Yow w72 T pVn, =0)=1 lim ot
For planar targets, there are two cases: when the planar - - Ns!l NZ
target does not completely Il the pixel, and when it fully rs (kp™ p ROk+L =2 kp ™ p Sk3

lIs the pixel. Incompletely lled pixels are usually at the

edges of planar objects, while fully lled pixels are usually 7z kpRX ROl |4 | =2® Kkp RX 52
within planar objects. The error in both cases can be calculated+ s (kp p2 » o Y si P
using (30). The proposed method effectively cancels the phase rsip® RsLsWskp P Kz

errors for planar targets. In (28), there is a certain difference (32)
between ¢ calculated by the conventional algorithm and dwhere Ls and W, are the side length of the square ROI.

reps ZRSLSWSkaX p Sk2
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Proof: The blind zone of a view can be approximated as an ROI
annular sector, whose inner and outer radii are the distance
from the target to the antenna and the distance from the S
ROI edge to the antenna, respectively. Then considering the E}

L]

positions of antennas, and the random positions and sizes of = | NN

A

the targets within the ROI, we can easily obtain (32). Target ’E ‘.
Remark 1: It can be concluded that as the density of objects ~

in the environment increases, the occlusion effect becomes |/ @)

more pronounced, leading to a higher number of zero elements Target

in the occlusion matrix V. This will increase the sensing . BS 2

error in the initial stage of iteration, resulting in errors in the

occlusion detection, which will deteriorate the performance of

the proposed AO algorithm. P
2) Sparse Reconstruction Sub-problem: In this sub-

problem, we aim to achieve the theoretical bound of CS

UE 1 )
sparse reconstruction after accomplishing optimal occlusion é UE 2
detection.
Theorem 2: The theoretical upper bound of the optimiza- BS1

tion problem in (19) under the optimal occlusion detectio

condition can be expressed as

m(log N ¢)kxk %

%; (33) results have veri ed the effectiveness and convergence of the
sTITTTR proposed algorithm.

Elg. 8. The simulation scenario setting.

MSE

where m is a constant.

Proof: Plug in the parameters in [21] or [4], a simple
calculation yields (33).

Remark 2: It can be concluded that when the sensifg Simulation Scenario and Metrics

overhead, such as the number of transmitting and receivingn this section, we present the numerical simulation results
antennas and the number of carriers, increases, the sengiighe proposed method and the following algorithms are
accuracy will increase. On the contrary, when the numbgfopted as baselines: the OMP algorithm [32], a widely
of divided pixels increases and/or the environment objegiscognized CS reconstruction method with low computational
become denser, the sensing accuracy will decrease. complexity; the GAMP algorithm [23], which is a component
3) Occlusion Detection Sub-problem: In this sub-problengf our proposed method but used here without considering
we focus on analyzing the impact of the occlusion matrigcclusion effects; and the GAMP-MVSVR algorithm [8], an
on the sensing performance. In the case of an unknowgvanced centralized multi-view sensing method that achieves
occlusion relationship, as shown in the model in (10) angigh reconstruction accuracy but lacks deployment exibility
(14), occlusion matrices V cause unknown interference to thgd incurs signi cantly higher computational costs. In the
compressed sensing measurement matrix A. Especially in tBgaMP-MVSVR algorithm, a central server collects and pro-
early iteration stage of the proposed AO algorithm, when tkesses all channel gains between the UEs and BSs to perform
estimated occlusion matrix¥" 7'® in (22) is not accurate, global environment sensing, with the pixel grid de ned from
it affects the sensing performance more. the view of BS1. All these baselines are implemented under the
Theorem 3: For given ground truth, the Cramer-Rao bour@me propagation model introduced in Section Ill-A, ensuring
(CRB) [31] of estimating the environmental information X fair comparison and applicability to large-scale scenados.
under unknown occlusion interference in the proposed A@Je set up a square 2D ROl with targets deployed in it. For

VI. NUMERICAL RESULTS

algorithm, is given as targets within the ROI, we employ the enhanced ray-tracing
! #1 model proposed in [33] to obtain the received signals and

MSE E @ Inp(A;xn,) : (34) Propagation gains. Since the main idea of this paper is not

Q@(x.)? ' multi-carrier sensing, the OFDM signaling parameters used

) ) ) ) for sensing are summarized as follows: a center frequency of
where E() is mathematic expectation, andfk »,) is the 3q GHz, subcarrier spacing f = 120 kHz, and N = 2
likelihood function of % andA, which can be calculated by g pcarriers spaced 100 MHz apart which can be dynamic
numerical methods when the distribution of occlusion matrig |arger scale scenarios. Missed detection (MD) and false

is given. . . alarm (FA) rates are used to measure detection accuracy by
Remark 3: The proof follows the same line as in [31], thus

is omitted due to limited space. As the proposed AO algorithm!2it is worth noting that, the baseline GAMP-MVSVR used in our simu-

is iterated, the unknown occlusion interference is also reducéjons adopts the same propagation model proposed in Section IlI-A, which

Th lvsi f th £ duri he i .actually enhances its original performance. Since this centralized algorithm
e analysis ot the system performance during the 'teratlgé‘rforms global processing without mapping errors, it can be regarded as the

process will be left to future work, and extensive simulatioperformance upper bound of the proposed distributed algorithm.
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Fig. 9. The multi-view sensing results of the baseline method and proposed method.
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Fig. 10. The relationship between the SNR and multi-view sensing performance.

X
comparing the ground truth object x with the estimated results + % min kp®) p(xk 3; (37)
p(x)2X
X Py 2 o2 %
— nsslz-;l- I an 6= O’%S < .
MD = TN 620 , (35) where X andX are pixel sets of the ground truth and
ns=1 ne estimation and p() denotes the spatial coordinate of the pixel.
Ns | 0R. > A smaller d&p indicates a closer match between the two pixel
Ne= nsg — Y2\ ng
FA = P ; (36) sets.
ne=1 | Xn, =0 As shown in Fig. 8, we deploy rectangular targets in the ROI

&s a simulated urban target setting for intuitive imaging results.

where where I() is the indicator function and we normaliz . 2
the scatterer coefcient and set the threshold = 0:5 to! '€ BSs and UEs are randomly and uniformly distributed

determine whether a pixel contains a scatterer. A smaller MiJtNIn an area ten times larger than the ROI, with the RO
and FA indicate fewer missed targets and false detectiolfcated at the center, and we use the coordinate system division
thus re ecting better detection performance. Chamfer distantlfder the view of BS1 to show the imaging results. In addition,

(CD) is used to measure the spatial accuracy of the sensFHbOther performance simulations in this paper are conducted
results based on randomly generated planar targets, which simulate

X the urban building wall structure within the ROI.
dep (X; X) = i min kp(x) p®k 3 Fig. 9 shows the intuitive results of both the baseline and

iXj p(2x  P®2 the proposed methods for multi-view imaging of rectangular
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Fig. 12. The relationship between the pixel size and multi-view sensing performance.
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Fig. 13. The convergence performance of multi-view sensing.
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urban buildings. The color of the pixel represents the scatteridiferent pixel sizes.

coef cient of the corresponding pixel. There arg ¥ N

15 transceivers deployed around the square ROI shown in

Fig. 9. Each transceiver has its own coordinate system fBr
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(c) The convergence performance in CD.

Performance Evaluation

the corresponding view. The division intervals of the non- Fig. 10 shows the multi-view sensing performance of the
uniform coordinate system are 1cm; 10cm; 1m and the divisidsaseline and the proposed algorithms under different signal-
angles are 0:050:1;0:2. Compared with the traditional to-noise ratios (SNRs). SNR is de ned as the power ratio
computational imaging algorithm described in Section IV-Bf the channel estimation result to the noise in (14). The
that ignores the concept of multi-view, the proposed sensingmber of transceivers is set torNe N g = 20. The division
method obtains the shape of the target more accurately. At theervals of the non-uniform coordinate system are 0:5 m.
same time, bene ting from the proposed pixel division errot can be observed that the sensing performance improves
cancellation method, we achieved environment sensing underthe SNR increases because higher SNR leads to smaller
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Fig. 14. The relationship between the pixel size and environment sensing performance.
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Fig. 15. The relationship between the average target velocities and multi-view sensing performance.

channel estimation errors, which in turn enhances the accuradgorithm consistently outperforms the OMP and GAMP al-
of reconstruction. Furthermore, as analyzed in Theorem 2garithms and approaches the performance of the centralized
lower sparsity also facilitates a more accurate reconstructidBAMP-MVSVR algorithm as the number of users increases.
In addition, as the number of targets increases, accuratel
identifying occlusion relationships becomes more dif cult

thus reducing imaging accuracy. The proposed algorithm Copﬂi(el sizes. The number of transceivers is set to AN g =

sistently_outperforms the G.AMP algo_rithm. Due to the purs% and SNR = 20 dB. The proposed algorithm consistently
mechanism, OMP maintains a relatively low FA rate und_%rutperforms the OMP and GAMP algorithms and approaches
low SNR conditions, however, its overall performance remairyg, performance of the centralized GAMP-MVSVR algorithm.
|nlfer|_otL 0 tr;? proposcfad method. The pk;?p?sfr? d'Strt'bl:.t hen the pixel size is small (comparable to the wavelength),
Z%i/lnp m\;dé:vlgvels pg;hormange C(r)]_mﬁarsaN; 0 dgt'cen ra}t'%ﬁgreasing the pixel size introduces additional phase errors,
) algorithm -under hig conartions. 1S, ich pbecome the dominant factor causing performance degra-

performance degradation at low SNR is mainly attribute ation. When the pixel size is further enlarged, conventional

to the mismatch of occlusion matrices during mUIt"V'eV%omputational imaging fails completely (as veried in Fig.

mapping, which becomes more pronounced as noise mcreaigﬁ; while the proposed method still perform accurate re-

nstructions. After eliminating the phase error, according to

*ig. 12 shows the multi-view sensing performance of the
baseline algorithm and the proposed algorithm under different

Fig. 11 shows the multi-view sensing performance of th P

baseline algorithm and the proposed algorithm under differe principles of cgmputatlonal imaging, larger plxgl sizes
numbers of UEs (N), and the number of BSs remainsreduce the correlation of the CS measurement matrix, which

constant (N = 20). The SNR is set to 20 dB. The division Improves reconstruction performance and decreases MD and
: ' . Meanwhile, the CD grows approximately linearly with

intervals of the non-uniform coordinate system are 0:5m. T .
éel size.

performance improves as the number of UEs increases. TH
is because a larger number of UEs provides more observation&ig. 13 shows the convergence curves of MD, FA and CD in
of the environment, which enriches the available informatidfig. 10 when SNRs are 10 dB and 20 dB. We can observe that
and improves the accuracy of sensing. This phenomenomwigh the iteration of the proposed AO algorithm, the system
also consistent with the analysis in Theorem 2. The proposgerformance gradually converges. In Fig. 13, we increase the
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(a) The relationship between the phase synctitp-The relationship between the phase synctep-The relationship between the phase synchro-
nization error and MD. nization error and FA. nization error and CD.

Fig. 16. The multi-view sensing performance under different sparsity levels when phase synchronization errors are introduced between UEs and BSs.

number of iterations to prove that the algorithm reachest@mnsmission duration of each symbol. Let the transmission
stable convergence. The above gures also show the relatiaturation of each symbol be T = 1=30 kHz, Fig. 15 presents
ship between environment sparsity and system performanttee impact of Doppler effects on system performance for
As shown in Theorems 1 and 3, an increased number of objeatgrage target velocities v under different sparsity levels .
leads to more occlusions, introducing more unknown entriiscan be concluded that as the vehicle speed increases,
in the occlusion matrix V. This makes occlusion detection anboppler weakens the system performance more signi cantly,
sparse recovery more dif cult, thereby degrading performandeut the proposed algorithm remains effective. The proposed
In addition, the algorithm converges more quickly under highéramework, like other coherent imaging methods, assumes a
SNR because the initial imaging results are more accuratgiasi-static scene during each coherent processing interval.
which accelerates subsequent iterations and improves convéris assumption does not preclude operation in dynamic sce-
gence behavior. narios, as motion-induced phase variations can be controlled
Fig. 14(a) and (b) shows the environment sensing resultg appropriately selecting system parameters. Explicit motion
under different pixel sizes, and we focus on verifying thewodeling and tracking can be incorporated as extensions and
effectiveness of the pixel division error cancellation methoare left for future work.
proposed in Sections IlI-A and V-A. The system parameters
are set to N = N g = 20, the number of uniform pixels is
Ns = 30 30, and SNR = 20 dB. The results provide an
independent validation of the conclusions in Fig. 12 regardingFig. 16 shows the multi-view sensing performance under
pixel size. The same trend can be observed: as pixel size different sparsity levels when phase synchronization errors
creases, system performance rst improves and then degrad¥s. introduced between UEs and BSs. The synchronization
This is the result of the joint effects of pixel division errorgrrors are modeled as a Gaussian random variable N(0; ),
and the spatial correlation induced by large pixels. Fig. 14(ghich may result from inaccurate UE positioning (whose
shows the numerical integration results for the phase erejiror affects each row of the measurement matrix and is
of the point targets and the planar targets in Section V-&quivalent to the phase synchronization error) or hardware
The proposed method signi cantly cancels the phase erroigperfections. The results show that phase synchronization
Especially in the case of planar targets, as the proportion &fors degrade sensing performance, which is a fundamental
scatterers (w;)=(Isws) within a pixel increases, the phasdimitation shared by coherent imaging methods [34]. When
error decreases, enabling accurate computational imagingthe synchronization error is relatively small, the proposed
practical environments, strictly planar targets that partially lalgorithm remains effective. In the quasi-static sensing scenar-
a pixel occur only at limited boundary regions, and ideal poif@s considered in this paper, near-nanosecond synchronization
targets rarely exist. Even in the most unfavorable cases, @gcuracy can be achieved by (i) system-level high-precision
proposed model reduces to the conventional point-based moéiging (e.g., GNSS-based timing), (ii) network-level muilti-
and thus achieves at least the same modeling performancé@ge collaborative synchronization techniques, and (iii) signal-
conventional methods. level or even sample-level time-frequency synchronization. In
addition, the large array gain of massive antenna systems in
general leads to high sensitivity to temporal and spatial phase
variations and thus results in ner resolution in time and phase
In this section, we provide a robustness evaluation talibration as in our system. These measures can be carried out
demonstrate the performance of the proposed method unifeparallel to re ne and calibrate the system synchronization,
various interferences. Denote the projection of the vehiclehich is expected to meet the synchronization accuracy re-
velocity in the angle-of-arrival direction as v, then the resultinguirement for the studied cases. Detailed implementation and
Doppler shift is expressed a¥ &= , where T denotes the experimental validation are left for future work.

C. Robustness Evaluation



VII. CONCLUSION [21]

In this paper, we have proposed a distributed multi-vieyy
sensing architecture with a unique pixel coordinate system
for each transceiver, based on non-uniform pixel division arfg]
mapping. We have proposed a signal propagation model to
cancel pixel division phase errors and overcome occlusif4]
effects, enabling large-scale environment sensing. A Io(\fé-s
complexity alternating optimization algorithm is developed,
combining CS sparse reconstruction and occlusion detection to

achieve accurate sensing results. This approach offers insidﬁ%

into the ISAC method's application in large-scale scenarios.
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