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Abstract: Integrated Sensing and Communication (ISAC) systems have emerged as a key
component for Sixth Generation (6G) networks, enhancing resource efficiency and enabling
diverse applications. Currently, ISAC systems have been recognized as a leading trend for
future standardization, i.e., International Mobile Telecommunications (IMT)-2030. As in the
previous IMT-2020 standardization, the emphasis has been on developing a methodology
for assessing network conditions, with one of the crucial approaches incorporating system-
level simulations. However, within this framework, there has been a notable absence
of proposed abstractions for the physical layer of ISAC systems, which are valuable for
system-level simulators. The physical abstraction process helps reduce computational
simulation costs, enabling efficient and rapid evaluation of system conditions. Therefore,
this paper aims to fill this gap by outlining the key aspects and metrics recommended for a
physical layer abstraction in sensing applications within ISAC frameworks. Applying phys-
ical abstraction in the context of target localization and detection algorithms may enable
an initial understanding and evaluation of ISAC system performance. These algorithms
are proposed as an example of simulating the sensing functionalities to be abstracted,
which are based on a stochastic geometric channel model. Orthogonal Frequency Divi-
sion Multiplexing (OFDM) symbols play a crucial role in target position estimation. The
findings show that doubling OFDM symbols improves the detection probability by 3 dB
in terms of Signal to Noise Ratio (SNR). Finally, the proposed Physical Layer Abstrac-
tion (PLA) method produces performance metrics as figures and lookup tables tailored for
system-level simulators.

Keywords: Integrated Sensing and Communication; Sixth Generation; physical abstraction;
target detection; target localization

1. Introduction
The transition from Fifth Generation (5G) to next generation communication systems

(NGCS) marks the evolution towards a fully connected, intelligent society. This evolution
is distinguished by the integration of artificial intelligence (AI) and sensing technologies
into Sixth Generation (6G) networks [1,2], aiming to address the growing demands for
higher speeds, lower latency, and greater reliability in mobile communications. A key
innovation in this context is the development of Integrated Sensing and Communication
(ISAC) systems. By merging sensing and communication functionalities within a single
framework, ISAC systems promise to efficiently share spectrum and hardware resources.
ISAC leverages millimeter Wave (mmW) and Super High Frequency (SHF) bands, which
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offer wide bandwidths and enhanced spatial resolution, enabling precise sensing and
high-speed communication [3]. This integration paves the way for diverse and novel
applications anticipated in 6G networks.

In recent years, within the ISAC framework, recent technical advances in ISAC in-
clude signal processing methods [4], ISAC channel modeling [5–7], channel estimation
techniques built on Machine Learning (ML)-based compressed sensing [8], or even novel
protocols that involve Quantium-ISAC [9]. In addition, the International Telecommuni-
cations Union (ITU) has declared it as one of the main trends in International Mobile
Telecommunications (IMT)-2030 [10]. Given all the attention, the research community
has primarily focused on advancements, often overlooking the need for a standardized
framework to evaluate ISAC. In this context, [11] proposes a methodology to evaluate
ISAC, highlighting the main factors that must be considered in channel modeling, i.e.,
channel correlation between communication and sensing and spatial consistency. Even
though the mentioned contribution describes one of the main elements of the physical
layer, the authors do not mention any computational reduction solution for the simulation
process. As we progress toward emulating a more comprehensive system, we anticipate
increased complexity and higher computational costs, just like in predecessor technologies
of Fourth Generation (4G) or 5G.

Evaluation through simulations has been segmented into link-level and system-level
simulations in the literature and previous standardization [12]. According to the ITU, the
link level evaluates aspects of the physical layer, and the system level assesses overall
network conditions. In the context of system-level simulations, the physical layer abstrac-
tion has been instrumental in simplifying the detailed and exhaustive process of physical
aspects like modulation or channel effects. Therefore, this abstraction process has been intro-
duced to reduce the computational cost of system-level simulations in IMT-2020, enabling
comprehensive evaluations of system performance and optimization strategies [13,14].

Given this background, it is reasonable to expect a similar trajectory for ISAC, as it
remains a wireless technology. The abstraction of the physical layer should now be included
in the ISAC framework. Moreover, ISAC is not only a technology that encompasses
communication capabilities, but also sensing ones. Therefore, considering this concept,
evaluating sensing services must be included in the evaluation process.

In sensing services, positioning and detection are highlighted in the literature [1] and
in the Third Generation Partnership Project (3GPP) Technical Specification (TS) 22.137 [15]
as the most prominent ISAC use cases. These services can serve as a starting point and
be integrated into Physical Layer Abstraction (PLA). Nevertheless, the aforementioned
intentions have not been found in the literature. PLA might have been neglected within
the ISAC framework. New efforts and novel types of simulations are essential to provide
future system simulators with abstractions that facilitate the analysis of ISAC systems.

Since there is still a lack of contributions addressing the abstraction of the physical layer
in the ISAC framework, this paper aims to fill this gap with the following contributions:

• A background on PLA, emphasizing the rationale behind the approach and revitalizing
key elements from the existing literature.

• A description of the proposed PLA method’s essential elements, focusing on those
utilized in previous technologies, including channel generation and Signal to Noise
Ratio (SNR).

• Two sensing services are considered, target location and detection, whose algorithms
are formulated as examples of the PLA method.

• An evaluation of the sensing algorithms’ performance, offering quantitative insights.
• The mentioned evaluation is used to abstract the performance metrics of the algorithms.
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As a result of this abstraction process, a set of lookup tables is generated, which can be
incorporated into system-level simulations. The search tables are submitted to a repository
available in [16].

Notation: Matrices are denoted by bold uppercase letters, vectors are defined by bold
lowercase letters, and the standard font represents scalars. The transpose conjugate is
represented as (∗).

2. ISAC Physical Layer Abstraction
Wireless network simulations have been divided into link-level and system-level

simulations. On the one hand, link-level simulation refers to obtaining the performance of
individual links. However, since the network can grow with many devices, it can increase
the complexity of emulating other interferences or environmental features. Here, system-
level simulations are dedicated to evaluating the entire system’s efficiency. Due to these
characteristics, simulation costs can be very high in terms of time and computational costs.

Instead of modeling all of the complex and detailed physical layer operations, its
abstraction can simplify the process during system-level simulations. The PLA method
replaces simulations at the link level and provides a computationally efficient way to test
the desired network. Typically, the information from PLA is delivered in lookup tables
containing the pre-computed process and indexing operations stored inside an array.

Lookup tables have been widely used for PLA methods like Exponential Effective SNR
Mapping (EESM), Effective SNR Mapping (ESM) [14,17–19], or Mutual Information (MI)-
ESM [20]. These methods have appeared in the predecessor technologies of 4G and 5G.
We can rescue from these methods the essential elements considered to perform the link
abstraction process: a channel model and an established SNR. These elements form the
foundation of our abstraction method. Figure 1 illustrates a flowchart of the proposed
approach. In the channel generation component, we have incorporated the creation of
communication and sensing channels for the ISAC system. In addition, we have developed
a prior knowledge channel, a sensing channel without the presence of the target. Details of
this channel generation process will be elaborated on in the following sections.

Sensing
Channel

Sensing
Channel No Target

Communication
Channel

Channel
Generation

Generate
SNR

Sensing
Algorithms
Generation

Sensing
KPIs

Output

Lookup Tables

Figure 1. General scheme of the proposed ISAC physical layer abstraction for sensing services.

Following the flowchart, we determine the communication SNR, the primary input
for generating the sensing algorithms. Distance, positioning, and detection algorithms
show the abstraction’s applicability, although other techniques or sensing services can
be used. Then, this process generates lookup tables of the following Key Performance
Indicators (KPIs) [15] to obtain the estimated distance, position, and detection information:

• Position accuracy or error: This refers to the closeness of the measured position of
the target or user to its true position value. In other words, the mean positioning
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error in the horizontal plane or 2D reference plane can also be considered the error
on the vertical axis (i.e., the altitude). This KPI ensures that the data and results are
trustworthy and can be used confidently.

• False alarm probability: This describes the conditional probability of falsely detecting
the presence of a target object or environment when the target object or environment
is not present.

• Detection probability: Conversely, the detection probability is the conditional proba-
bility of correctly detecting the presence of a target when the target is indeed present.

3. Main Elements of Abstraction: Channel and SNR Generation
The channel generation leverages the Stochastic Cluttered Environment (SCE) model

from [7], where scatterers are distributed randomly throughout the scenario and multiple
signal hops are considered when generating the desired channels. Once the scatterers are
located, the model facilitates the computation of channel matrices between various points
within the system. For example, it models a Base Station (BS) functioning simultaneously
as a transmitter and receiver, facilitating monostatic sensing applications. Additionally,
it allows for the previous BS to serve as the transmitter and a distinct point to act as the
receiver, thereby obtaining the communication channel between the two points.

In this paper, we consider a monostatic Orthogonal Frequency Division Multiplexing
(OFDM) ISAC system, which is composed of a BS, a target, and a set of scatterers generated
as in [7]. Figure 2 shows a representation of this system for the two possible channels:
(a) the sensing channel and (b) the communication channel. The Multiple Path Components
(MPCs) of both channels are represented as arrows. Round-trip red arrows represent target-
involved MPCs; black arrows depict other MPCs. The black round-trip and one-way
arrows in Figure 2b enclose the inherent MPCs for the communication-only channel.

(a) Sensing channel (b) Communication channel

Figure 2. System model for (a) the monostatic sensing channel from the BS, and (b) the BS–target
communication channel if the target acts as a receiver. Arrows represent direct links. The red arrows
in the sensing channel represent the links involving the target.

We assume that the BS uses L transmitted OFDM symbols over K sub-carriers to sense
the same scenario as the one represented in Figure 2a. Let M be the number of antennas at
the BS. The received sensing signal at the BS after sensing the target and scatterers, for the
l-th OFDM symbol and the k-th subcarrier, is

ysen
l (k) = Hsen(k)sl(k) + zl(k), (1)

where Hsen(k) ∈ CM×M is the sensing channel matrix, sl(k) ∈ CM is the transmitted
symbol vector, and zl(k) ∈ CM is the noise vector.
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To abstract the performance of the sensing applications, we need to use some measure
of the channel quality that serves as a reliable indicator of this performance. In conventional
communication systems, such measures are typically the SNR of the received signal. As
depicted in Figure 2a, where the received signal of interest in (1) results from the sensing
system, it is affected by all MPCs, even those not involved with the target (black arrows).
Therefore, considering an SNR of the received sensing signal requires that the signal term
account for the effect of all those MPCs. The primary challenge with this type of SNR is
that certain MPCs devoid of interactions with the target may substantially contribute to the
total signal power. For instance, scatterers near the BS can reflect a significant portion of
the transmitted power. Consequently, the power of the sensing signal in (1) is not a good
indicator of the performance of sensing applications.

Alternative measures of channel quality can be explored to overcome this problem.
For example, by assuming that the target behaves like a conventional User Equipment (UE)
in a communication system, it becomes feasible to focus on the communication channel
between the BS and UE (target). In this scenario, the system model depicting this channel
is illustrated in Figure 2b. In the context of the communication channel, all MPCs terminate
at the target, thereby ensuring interaction with the target for all components. Assuming
that the target behaving as a UE has a single antenna, the received signal at this UE is

ycom
l (k) = Hcom(k)sl(k) + nl(k), (2)

where Hcom(k) ∈ C1×M is the communication channel matrix, and nl(k) ∈ C is the noise
vector for the l-th OFDM symbol and the k-th sub-carrier.

The received signal in (2) is considered to compute the SNR for the PLA method.
Since all the MPCs associated with the received communication signal interact with the
target, the resulting SNR serves as a reliable indicator for sensing applications. Assum-
ing that the elements of sl(k) are independent and identically distributed (i.i.d.) from a
zero-mean and unit-variance normal distribution (i.e., the transmitted signal has a covari-
ance matrix equal to the identity), the power of the signal in ycom

l (k) can be obtained as
tr(Hcom(k)H∗

com(k)) = ∥Hcom(k)∥2. Moreover, assuming that the noise is i.i.d. from a
zero-mean normal distribution with variance σ2, the noise power in ycom

l (k) is directly σ2.
Therefore, the communications SNR denoted for all the K sub-carriers of an OFDM symbol
can be calculated as

SNRcom =
∑K

k=1 ∥Hcom(k)∥2

Kσ2 . (3)

4. Sensing Algorithms Generation: Target Detection and Localization
This section presents two algorithms that will be used to illustrate the simulation

framework: one for target localization and another for target detection. As mentioned
in the previous section, the received sensing signal in (1) includes all MPCs, even those
that do not involve the target. In this case, it is essential to differentiate the part of the
received sensing signal that contains relevant information about the target from the rest of
the received signal. However, this is not an easy task. One way to address this problem
is to perform background subtraction, as in [21]. To allow for this, the sensing BS needs
to acquire previous sensing knowledge of the scenario without the target, i.e., to estimate
the sensing channel corresponding to MPCs of only scatterers that are not the target of
interest. This sensing channel comprises only the black arrows in Figure 2a and can be
denoted as Hpre(k) ∈ CM×M for the k-th sub-carrier. This channel can be obtained through
environment reconstruction and channel estimation techniques, as proposed in [22,23].
Then, the effective sensing channel matrix can be defined as

Heff(k) = Hsen(k)− Hpre(k), (4)
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where Heff(k) ∈ CM×M contains only those MPCs involving the target, i.e., only the red
arrows in Figure 2a. The following section presents a method to estimate Heff(k).

4.1. Effective Sensing Channel Estimation

Although we assume that Hpre(k) is known, note that Hsen(k) is unknown to the BS,
thus precluding the direct computation of (4). The BS can only obtain knowledge about
Hsen(k) from the received signal ysen

l (k). However, as evident from (1), we must first
eliminate the transmitted signal’s influence. To achieve this, we exploit the fact that the
covariance matrix of the transmitted signal is the identity. In particular, we obtain

Ĥeff(k) =
1
L

L

∑
l=1

(
ysen

l (k)− Hpre(k)sl(k)
)
sl(k)∗, (5)

which, from (1), is

Ĥeff(k) =
1
L

L

∑
l=1

(
Heff(k)sl(k) + zl(k)

)
sl(k)∗. (6)

Now, we operate in (6) to obtain

Ĥeff(k) = Heff(k)
1
L

L

∑
l=1

sl(k)sl(k)∗ +
1
L

L

∑
l=1

zl(k)sl(k)∗. (7)

The term 1
L ∑L

l=1 sl,ks∗l,k is an estimator of the covariance matrix of the transmitted
signal, which is, as mentioned before, the identity. Therefore, Ĥeff(k) ∈ CM×M can be
treated as an estimator of Heff(k).

4.2. Distance and Angular Direction Estimation Algorithm

In this section, a localization algorithm based on the estimation of the sensing channel
is presented. To extract the embedded information of Ĥeff(k), we can first acquire the taps
of the channel using an Inverse Discrete Fourier Transform (IDFT), which allows us to
identify the temporal sample where the target is located. This can be expressed as

ĥeff(n) = IDFT{Ĥeff(n)}(t), (8)

where ĥeff ∈ CM×M represents the impulse response of the channel Ĥeff(k) at the n-th
temporal sample. Given the expression in (8), we can evaluate the channel response
when the BS emits power towards a specific Angle of Departure (AoD). This analytical
process involves the utilization of steering vectors, a(θ), which denotes the antenna array’s
configuration, where θ is the AoD. Then, the estimated energy of ĥeff(n) in a certain θ and
at a certain temporal sample n is

P(θ, n) = ||ĥeff(n)a(θ)||2 = a∗(θ)ĥ∗
eff(n)ĥeff(n)a(θ). (9)

The maximum of the energy is where the target is supposed to be, so the final step of
this procedure is to estimate the values of θ and n by maximizing the energy as

[θ̂, n̂] = arg max
[θ,n]

(P(θ, n)). (10)

The estimated sample n̂ is used to estimate the distance as

d̂ =
n̂c
2 fs

, (11)
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where c is the speed of light and fs is the sampling frequency. The next subsection will use
the estimated angle θ̂.

A summary of the above steps is provided in Algorithm 1 to benefit the
reader’s understanding.

Algorithm 1 Distance and angle estimation algorithm
Input: Hpre(k), s, y, L
Output: θ̂, d̂, ĥeff(n)
1. for k = 1 : K do

(a) Ĥeff(k) = 1
L ∑L

l=1
(
yl,k − Hpre(k)sl,k

)
s∗l,k

(b) Compute ĥeff(n) = IDFT{Ĥeff(k)}(n)
end for

2. Compute P(θ, n) = ||ĥeff(n)a(θ)||2 for each angle θ and each sample n
3. Find θ̂ and n̂ for the maximum received power:

[θ̂, n̂] = arg max[θ,n](P(θ, n))
4. Calculate d̂ for the corresponding n̂: d̂ = n̂c

2 fs

4.3. Position Estimation Algorithm

After obtaining the estimated angle and distance of the target from Algorithm 1, we can
estimate the position by applying basic geometry. Specifically, if the height of the target (i.e.,
zUE) and the coordinates of the BS, (xBS, yBS, zBS), are assumed to be known, the estimated
UE coordinates can be calculated by solving for x̂UE and ŷUE from the following equations:

θ̂ = acos

 xBS − x̂UE√∣∣xBS − x̂UE
∣∣2 + ∣∣yBS − ŷUE

∣∣2
, (12)

d̂ =

√
(xBS − x̂UE)

2
+ (yBS − ŷUE)

2
+ (zBS − zUE)2. (13)

Thus, the estimated coordinates can be given as

x̂UE = xBS + cos(θ̂)
√

d̂2 − (zBS − zUE)2, (14)

ŷUE = yBS + sin(θ̂)
√

d̂2 − (zBS − zUE)2. (15)

4.4. Target Detection Algorithm

A target or user is detected when the energy of the effective channel ĥeff(n) at any
given temporal sample n exceeds a pre-established threshold, denoted by ξ. A Boolean
variable “withTarget” is set to true in the algorithm when a target is detected and is
false otherwise.

The determination of the threshold is of paramount importance and requires metic-
ulous calibration. In this work, the threshold has been chosen as ξ = ∆ξ Ê, where
Ê = 1

K ∑K
n=1 ||ĥeff(n)||2 represents the mean energy of ĥeff(n) over time and ∆ξ corre-

sponds to a selected constant factor. This formulation dynamically adjusts the threshold ξ

to match the scenario’s noise power. For the sake of clarity, a summary of the above steps is
provided in Algorithm 2.
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Algorithm 2 Target detection algorithm

Input: ĥeff(n), ∆ξ

Output: withTarget
1. withTarget = false
2. Ê = 1

K ∑K
n=1 ∥ĥeff(n)∥2

3. ξ = ∆ξ Ê
4. for n = 1 to N do

if ||ĥeff(n)||2 > ξ then
withTarget = true
break

end for

5. Evaluation and Abstraction
The proposed algorithms are evaluated in a stochastic scenario based on [7], aligned

with 3GPP Indoor Hotspot (InH) specifications [24]. This procedure involves an exhaustive
series of simulations in which input parameters are detailed in Table 1. We used the carrier
frequency recommended by 3GPP TR 38.901 in calibration process. Since our scenario is
InH, a carrier frequency of 30 GHz was selected to obtain valuable information about the
potential of the mmW band in ISAC system.

Table 1. Simulation assumptions considered to evaluate KPIs and develop the lookup tables.

Simulation parameters

Number of simulation seeds (J) 30,000

Number of scatterers 30

Number of OFDM symbols (L) 2n, n = 1, 2, . . . 10

Baseline evaluation configuration parameters

Carrier frequency for evaluation 30 GHz

Sampling frequency 30.44 MHz

Number of sub-carriers (K) 2048

BS antenna height 3 m

UE antenna height 1.5 m

Total transmit power per TR × P SNR dependent

SNR {−20,−19, . . . 20} dB

Additional parameters for system-level simulation

Number of BS antenna elements (M) 16

Number of UE antenna elements 1

Hall size 120 × 50 m

BS–UE distances (d) 32 and 64 m

ISAC Channel model Stochastic [7]

The BS location remains constant across all simulations to streamline the simulation
process. In a 120 × 50 m hall, the UE is positioned at pre-determined distances 32 and
64 m from the BS. These distances represent the typical link lengths within this spatial
configuration but in a random direction, ensuring a Line of Sight (LoS) condition.

A unique set of input parameters characterizes each simulation seed. This includes
variations in the number of OFDM symbols (L) used for channel estimation, different SNR



Telecom 2025, 6, 4 9 of 14

levels, and two possible distances between the BS and the UE. Outputs, such as distance
and position target estimations, are given for these variations.

For the results analysis, we aim to define the distribution of the estimation er-
rors; for this objective, we have conducted a post-processing methodology that will be
described below.

5.1. Distance and Positioning Abstraction

Distance and positioning algorithms are evaluated using KPIs, including mean dis-
tance error (Ed) and mean positioning error (Ep), as described in Section 2. These metrics
can be obtained as

Ed =
1
J

J

∑
j=1

(dj − d̂j), (16)

Ep =
1
J

J

∑
j=1

√
(xUE

j − x̂UE
j )2 + (yUE

j − ŷUE
j )2, (17)

where J is the total number of simulation seeds, dj refers to the true distance from the BS to
the target in the j-th seed, and xUE

j and yUE
j denote the true position coordinates of the UE.

Figure 3a,b illustrate the Cumulative Distribution Functions (CDFs) for Ed and Ep

under varying OFDM symbols at 0 dB SNR, with the target positioned at 64 m. The scale
shift is applied at a distance error equal to 5 m to zoom in and better visualize the values of
the CDFs corresponding to errors around 0 m. Fitting these CDFs to known distributions
is challenging because their extensive tails extend toward the maximum estimation error
corresponding to the last OFDM symbol. This implies a non-negligible probability of the
employed algorithms pinpointing the target in the last OFDM symbol.
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Figure 3. CDFs of the distance errors (a) and position errors (b) for 2–1024 OFDM symbols and
SNR= 0 dB. Here, the target is positioned at d = 64 m.

Two different estimation conditions are valid for the abstraction proposal in the CDFs.
On the left-hand side, we can find the results obtained under target-dominated conditions,
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where the distance and position errors are observed to be low. On the right, it reveals that
for extremely large estimation errors (exceeding 10 m), their behavior exhibits a linear trend,
aligning with the characteristics of a uniform distribution. Thus, the CDFs are a mix of two
different distributions, one of which is the uniform distribution. Under noise-dominated
conditions, distance and position estimates become uniformly distributed, indicating equal
probability across all possible target locations.

Considering all mapping levels of SNR (ranging from −20 dB to 20 dB) and the full
range of OFDM symbol values, the distribution curves exhibit minimal variation in distance
and position error cases under target-dominated conditions. This description is illustrated
in Figure 4a,b, where legends are omitted since multiple curves represent results across
all possible values. This observation indicates that errors consistently follow the same
distribution regardless of these two parameters.

(a) (b)

Figure 4. Approximated CDFs of the distance and positioning errors under target-dominated
conditions for 2–1024 OFDM symbols applied for all SNR levels defined in Table 1. Here, the target is
positioned at d = 64 m.

Results of the probability of estimation under target-dominated conditions versus
SNR and the number of OFDM symbols are calculated and provided as lookup tables,
which are available in [16].

5.2. Target Detection Abstraction

Target detection abstraction is evaluated using false alarm probability (PFA) and the
detection probability (PD), as detailed in Section 2.

A set of thresholds has been defined by selecting threshold values ∆ξ between
0 dB and 3 dB. The Boolean variable “withTarget” is stored to analyze PFA and PD later for
each simulation seed. Figure 5 shows the curves of the false alarm probability versus the
selected threshold factor for two examples corresponding to extreme cases. First, the case
where the SNR is −20 dB and the algorithm uses only 2 OFDM symbols and, second, the
case where the SNR is 20 dB, and the algorithm uses 1024 OFDM symbols. These curves
show a notable decay in the false alarm probability as the threshold factor ∆ξ increases.
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Figure 5. False alarm vs. threshold factor, with the target at d = 64 m.

To examine the effect of ∆ξ on the target detection probability, Figure 6 depicts this
probability against various selected factors ∆ξ ranging from 0 to 9 dB. A correlation between
the false alarm and target detection probabilities can be identified. For example, when
∆ξ = 0 dB, the probability of detection and false alarm reach 100%, meaning that the
algorithm continuously detects targets even when the target is not present in the scenario.
Nevertheless, If the threshold exceeds 3 dB, as shown by the light blue (∆ξ = 6 dB) and red
lines (∆ξ = 9 dB), we are over-dimensioning the detection. In other words, we are being
too strict, which likely increases the likelihood of incorrect detections.

-20 -15 -10 -5 0 5 10 15 20
SNR [dB]

0

0.2

0.4

0.6

0.8

1

D
et

ec
tio

n 
pr

ob
ab

ili
ty

 [%
]

Selected factor = 0 dB
Selected factor = 1.5 dB
Selected factor = 2 dB
Selected factor = 2.5 dB
Selected factor = 3 dB
Selected factor = 6 dB
Selected factor = 9 dB

Figure 6. Detection probability vs. SNR for 8 OFDM symbols and different values of the selected
factor, with the target positioned at d = 64 m.

Conversely, we observe that with ∆ξ = 3 dB, the false alarm probability is close to 0%,
according to Figure 5. This behavior yields a sufficiently reasonable detection probability
concerning the SNR. In the case of over-dimensioning ∆ξ , the detection capability of the
algorithm decreases since the curve is shifted towards increasing SNR values.

For the abstraction of the target detection algorithm, ∆ξ has been fixed at 3 dB, ensuring
a null probability of false alarm. Figure 7 shows a clear relationship between the detection
probability and the number of OFDM symbols for a given SNR. Doubling the number of
OFDM symbols effectively achieves 3 dB improvement in SNR. Lookup tables illustrating
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the detection probability across various SNR values and OFDM symbol counts for these
thresholds are available in [16].
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Figure 7. Detection probability vs. SNR for different OFDM symbols.

6. Conclusions
This study addresses a critical gap in the abstraction of the physical layer for sensing

applications within ISAC systems. By leveraging existing channel models and developing
algorithms for target detection and localization services, we demonstrate the feasibility of
abstracting performance metrics essential for future system-level simulations.

The findings highlight two distinct conditions for estimation: target-dominated, char-
acterized by low errors, and noise-dominated, where high noise levels result in a uniform
distribution of errors across all possible outcomes. We focused on the target-dominated
condition to simplify the PLA process, which offers the most actionable insights for enhanc-
ing system accuracy and reliability. Furthermore, doubling the number of OFDM symbols
was observed to achieve a 3 dB improvement in SNR, providing a straightforward method
to enhance estimation and detection performance. Results are provided in lookup tables,
publicly available in [16], enabling comprehensive evaluations of sensing services within
the ISAC framework.

Future work should expand this abstraction to encompass complex environments,
such as Non Line of Sight (NLoS) scenarios, to enhance the robustness of ISAC systems
and widen their applicability. Additionally, outdoor scenarios should be investigated to
evaluate sensing services over extended distances. Furthermore, future studies should
integrate additional sensing services beyond target detection and localization to create a
more versatile and comprehensive abstraction framework.
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