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Abstract—Video analytics plays a vital role in modern applica-
tions such as public safety and smart cities, yet transmitting high-
resolution video over wireless networks is severely constrained
by bandwidth and latency. Existing semantic communication
approaches alleviate communication overhead by discarding ir-
relevant content, but they often impose prohibitive computational
costs on resource-constrained surveillance devices. To overcome
this limitation, we propose SenSem, a sensing-assisted semantic
communication framework that uniquely leverages channel state
information (CSI) to reduce both communication and compu-
tation overhead. SenSem first exploits location cues embedded
in CSI to estimate the region of interest and crop frames before
upload. On the cropped frames, a lightweight semantic evaluator
scores blocks, and a joint block selection and transmit power
control algorithm maximizes the analytics performance for multi-
device uplink; at the edge, a sensing-assisted analytics network in-
jects spatial cues to further boost inference. Extensive evaluations
on the WARP platform demonstrate that SenSem consistently
outperforms state-of-the-art baselines, achieving superior video
analytics accuracy under strict latency constraints. By seamlessly
reducing both transmission and device-side computation over-
head, SenSem offers a scalable and efficient solution for next-
generation wireless video analytics systems.

Index Terms—Integrated sensing and communications, se-
mantic communications, video analytics, deep learning, edge
intelligence, task-oriented communications

I. INTRODUCTION

Advancements in artificial intelligence (AI) have greatly
enhanced the feasibility of video analytics in practical systems,
fueling its rapid adoption across areas, such as intelligent
transportation [1], public security [2], and health monitor-
ing [3]. Most video analytics tasks rely on complex deep net-
work architectures, requiring extensive computation resources
provided by the edge server located at the base station (BS)
for support [4]. However, transmitting high-definition video
streams from a large number of cameras to the BS imposes
tremendous bandwidth demands and can easily exceed the
capacity of existing wireless systems. This issue is particularly
critical for latency-sensitive applications such as surveillance,
where continuously tracking moving targets and analyzing
their behavior in real time are essential for safety and security.
The resulting tension between ever-growing video traffic and
limited wireless resources raises a fundamental question: how
can scalable and real-time video analytics be achieved under
stringent bandwidth and latency constraints?

To mitigate this issue, recent research has explored se-
mantic communication as a promising paradigm [5], which
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transmits compact semantic information instead of raw data.
Two mainstream approaches have emerged: recovery-oriented
methods [6]–[8], which exploit spatiotemporal correlations
to compress video frames for reconstruction at the BS, and
task-oriented methods [9], [10], which directly extract task-
relevant features for transmission to the BS. Both approaches
significantly reduce communication overhead compared with
conventional video transmission. Nevertheless, they commonly
require computation-intensive deep neural networks to be
deployed at the device side in order to extract semantic
representations from complex video frames. This assumption
is misaligned with real-world surveillance scenarios, where the
majority of cameras are low-cost, resource-constrained devices
incapable of executing such heavy models. As a result, despite
their potential, existing semantic communication pipelines face
a major barrier to practical adoption in large-scale IoT-based
monitoring systems.

Fortunately, the channel state information (CSI) between
the transmitter and receiver also contains sensing information
about the surveillance context and targets, and thus, has re-
cently been explored for various sensing tasks, such as activity
recognition [11], [12], localization [13], and respiration detec-
tion [14], [15], spurring the development of integrated sensing
and communications (ISAC) [16]–[18]. Compared to video’s
rich but high-dimensional content, CSI offers lighter-weight,
coarse-grained insights into target position and motion [19],
[20]. Such a characteristic helps filter out redundant infor-
mation in video while demanding far less computational over-
head. Moreover, since CSI is inherently available at the BS for
communication scheduling and optimization, it can be readily
processed using adequate edge computation resources, thereby
alleviating the computation burden on resource-constrained
surveillance devices.

Motivated by these observations, we propose SenSem, a
novel framework that integrates sensing with semantic com-
munication to reduce transmission and computation overhead
while enabling high-performance video analytics. We focus
on a multi-device single-input-multiple-output (SIMO) video
analytics system, where numerous surveillance devices upload
data to the BS for real-time inference under strict latency
constraints. The key idea of SenSem is to exploit target-
related spatial information embedded in CSI to guide both
communication and analysis. By leveraging CSI, extraneous
regions in video frames can be cropped before transmission,
thereby lowering the uplink burden without sacrificing the
information needed for analytics. Furthermore, instead of
relying on heavy deep models at the device side, lightweight
semantic processing is employed to identify the most relevant
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portions of the cropped frames for uploading. Finally, the
CSI is also utilized at the edge server to enhance inference,
demonstrating how sensing and communication can be tightly
integrated to support scalable wireless video analytics.

However, realizing this approach entails several challenges.
First, the location information inferred from CSI is inherently
limited by the number of antennas and the available band-
width, leading to non-negligible estimation errors that may
cause critical regions to be omitted during frame cropping.
Second, when a large number of surveillance devices up-
load simultaneously, severe interference and stringent latency
requirements make it difficult to guarantee timely analytics,
highlighting the need for an efficient communication strategy
that achieves high accuracy under limited delay. Finally, while
CSI provides spatial information from the BS’s perspective,
the video frames are captured from the device’s perspective,
creating a modality gap that complicates the direct fusion of
the two types of information.

To address these challenges, we first propose a location-
assisted region of interest (RoI) estimation method for video
cropping. Instead of relying solely on the estimated location,
we use the peak range in the ToF-AoA spectra [21] to
determine the ranges of ToF and AoA and then map them
to the RoI using the relationship between the image plane
and the world coordinate system. For the second challenge,
we design a low-complexity semantic evaluator by expanding
the method in [22] and further formulate an optimization
problem. By solving it, we develop a joint block selection and
transmit power control algorithm for maximizing the analytics
performance under the constraints of communication resource
and latency. Finally, taking pose estimation as an example,
we utilize transformer to extract pose features and propose a
sensing-assisted video analytics network that integrates visual
and sensing data at the feature level while remaining compati-
ble with the state-of-the-art (SOTA) video-based solution [23].
In summary, we make the following major contributions:

• We propose SenSem, a novel framework that integrates
sensing and semantic communications to reduce the com-
putation and communication overhead for multi-device
video analytics.

• We introduce a location-assisted RoI estimation method
that utilizes the location information to crop video, avoid-
ing unnecessary computation and communication.

• We develop a joint block selection and transmit power
control algorithm to maximize the analytics performance
within the latency requirement.

• We design a sensing-assisted video analytics network
that fuses visual and sensing data at the feature level to
enhance edge video analytics.

• We validate SenSem using real-world experiments on
the WARP platform and simulation, demonstrating its
superior performance compared to benchmark schemes.

The rest of this paper is organized as follows. Section II
summarizes the related works. Section III introduces the model
of the studied multi-device video analytics system. Section IV
presents the detailed design of the proposed SenSem. Sec-
tion V specifies the evaluation setup and reports evaluation

results, and the whole paper is concluded in Section VI.
Notations: Scalars are denoted by lower case, vectors are

denoted by boldface lower case, and matrices are denoted by
boldface upper case. I represents an identity matrix and 0
denotes an all-zero vector. (·)∗, (·)T , and (·)H denote complex
conjugate, transpose, and Hermitian transpose, respectively.
For a vector a, ||a|| represents its Euclidean norm. | · |
represents the absolute value of a complex scalar. Cm×n

(Rm×n) denotes the space of m× n complex (real) matrix.

II. RELATED WORKS

This work is mostly related to semantic communications,
as well as similar topics, e.g., task-oriented communica-
tions [24]. Existing semantic communication primarily serves
the transmission of text [25]–[27], images [28]–[30], and
videos [6], [7], [9], [10]. For text transmission, the authors
in [25] introduced a Transformer-based system that transmits
sentence semantics rather than individual bits, using a newly
defined metric, namely sentence similarity. To further reduce
the overhead, the authors of [27] explored contextual corre-
lations and designed a DL network with a memory module
for the question-answer task. For the image, authors in [28]
proposed a convolutional semantic encoder to extract semantic
concepts (including the category, spatial arrangement, and
visual feature) as the representation unit, and further designed
a generative adversarial network-based semantic decoder for
image recovery. Moving beyond recovery, the authors [30]
considered diverse downstream image tasks and developed
a joint source and channel coding to realize simultaneous
image recovery and other tasks. Although video can be viewed
as a combination of multiple images, adjacent frames in a
video are inherently correlated, and traditional video encoding
methods leverage this correlation [31]. Along this line, the
authors of [32] compressed the differential data between P-
frames and I-frames to reduce transmission volume. However,
it overlooks the fact that I-frames, due to their larger size, often
dominate bandwidth usage. To address this issue, the authors
of [7] proposed a reinforcement learning-based bandwidth
allocation strategy, which adaptively assigns bandwidth to
I-frames and P-frames. Beyond video recovery, the authors
of [9] focused on edge video analytics tasks, further reducing
transmission overhead by extracting only task-relevant fea-
tures. Nevertheless, these studies primarily focus on using
DL techniques to remove redundant information, which is
generally unaffordable for surveillance devices. To address this
issue, we leverage the sensing information carried by CSI to
remove redundancy with low computation overhead.

This work is also related to the ISAC, and ISAC has two
typical applications: communication-assisted sensing [33]–
[35] and sensing-assisted communication [36], [37]. The latter
primarily leverages the sensing function to enhance channel
estimation, thereby reducing pilot overhead and improving
communication efficiency. For example, the authors in [37] fo-
cused on vehicle-to-infrastructure communication. The sensing
function is used to estimate the location of target vehicles and
a Kalman filter is further applied for tracking and prediction,
thereby significantly reducing the overhead of beam tracking.
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Fig. 1: A multi-device video analytics system.

Building upon the foundation of ISAC, recent research has
begun to integrate semantic communication with sensing to
further enhance system efficiency. For example, [38] investi-
gated vehicular networks where the BS performs both semantic
communication and sensing, and proposed a beamforming
algorithm that jointly accounts for communication and sensing
performance. Extending this line of work, [39] incorporated
security considerations and designed beamforming strategies
to prevent eavesdropping by unauthorized users. Different
from treating these functions independently, [40] has leveraged
semantic communication to transmit sensing data collected
by IoT devices, thereby reducing communication overhead.
Distinct from these approaches, our work aims to exploit the
sensing information inherently contained in CSI, and utilize it
to reduce the communication overhead, enabling more efficient
semantic transmission.

III. SYSTEM MODEL

As depicted in Fig. 1, we consider a multi-device video
analytics system consisting of massive surveillance devices
{1, · · · , N} and one BS equipped with an edge server, with the
location of the BS and device n being pB = [0, 0, zB]T and
pD
n = [xD

n , y
D
n , z

D
n ]

T , respectively. The BS is equipped with
M receive antennas, and the antennas form a uniform linear
array (ULA) with the direction being [1, 0, 0]T . Considering
that most surveillance devices are relatively inexpensive, we
assume that they are equipped with a single transmit an-
tenna and limited computation capability. Each device aims
to monitor a surveillance zone and analyze the video to
realize the application of pose estimation.1 Due to the limited
computational capability of the device, local video analytics
would lead to high latency and congestion, and thus, the video
would be uploaded to the edge server at the BS via wireless
transmission for further processing.

To leverage the contextual relevance of video content, we
assume that the device performs an upload after collecting a
group of pictures (GoP). To realize the multi-device uploading,
we divide the devices into J groups, denoted by {Nj ,∀j},
with the devices in one group uploading their GoP using the
multi-user SIMO (MU-SIMO) technique, simultaneously, and
the transmission of different groups following a time-division

1In this paper, we take pose estimation as an example since it is one of
the widely adopted applications, and the proposed scheme could be easily
extended for other applications.

transmission scheme. Moreover, during the transmission, the
OFDM technique is adopted to avoid inter-symbol interference
with the bandwidth being Bw and the number of subcarriers
being K. The transmission contains two phases, i.e., pilot
transmission and data transmission. The first one is used to
measure CSI between each device and the BS, and the second
phase is used for transmitting video data. Considering the
requirement of real time, the total latency of the processing at
the device and the data transmission should be no more than
an upper bound, denoted by Tmax, for all devices.

In the following, we first introduce the vision model and
channel model, and then show how sensing benefits semantic
communications by exploring the relationship between infor-
mation in the CSI and that in the video.

A. Vision Model

In the following, we aim to establish the vision model
between the point in the world coordinate system and the pixel
in the image for device n. First of all, we need to analyze the
transformation from world coordinates to camera coordinates.
As shown in Fig. 2, through one translation and two rotations,
the camera coordinate system of device n can be derived from
the world coordinate system. Specifically, first, the origin of
the coordinate system is translated to pD. Then, the coordinate
system is rotated about the z-axis by an angle ϑz and about the
y-axis by an angle ϑy , successively. Thus, the transformation
from the world coordinate system to the camera coordinate
system is given as follows:

p′
n=

cos(ϑy) 0 − sin(ϑy)
0 1 0

sin(ϑy) 0 cos(ϑy)

 cos(ϑz) sin(ϑz) 0
− sin(ϑz) cos(ϑz) 0

0 0 1

(p−pD
n ),

where p′
n and p denote the camera coordinate and the world

coordinate for the same point, respectively. After that, we need
to analyze the transformation from the camera coordinate to
pixels in the image plane. Let dI denote the focal length, and
assume that one pixel in the image corresponds to the length
of ∆y and ∆z for the y-axis and z-axis of the image plane.
p′
n = [x′

n, y
′
n, z

′
n]

T is projected in to pixel (u, v) in the image
plane [41], as

u = dIyy
′
n/x

′
n + u0, v = dIzz

′
n/x

′
n + v0, (1)

where dIy = dI/∆y and dIz = dI/∆z are the focal lengths
scaled by pixel size, and (u0, v0) is the principal point coor-
dinate on the image plane.

B. Channel Model and Data Rate

In this paper, we consider the ray-tracing-based channel
model [42] that is widely adopted in the existing communica-
tion standards and works. Specifically, as shown in Fig. 1, the
channel between the n-th device and the BS contains L paths,
with the first one being the line-of-sight (LoS) path and the
remaining being non-line-of-sight (NLoS) paths. Let an,l ∈ C,
θn,l ∈ R, and τn,l ∈ R denote the path attenuation, angle of
arrival (AoA), and time of flight (ToF) for the l-th path of the
channel between device n and the BS, respectively. The CSI
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Fig. 2: Vision model: the left part represents the transformation
from the world coordinate system to the camera coordinate
system, and the right part represents the projection from the
camera coordinate system to the image plane.

vector at the k-th subcarrier, denoted by hn,k ∈ CM×1, can
be expressed as

hn,k =

L∑
l=1

an,le
i2πτn,l(f

c+k∆f)α(θn,l), (2)

where f c is the starting frequency of the broadband,
and ∆f = Bw/K is the subcarrier spacing, α(θ) =
[1, ei2πd sin(θ)/λ, · · · , ei2π(M−1)d sin(θ)/λ] ∈ CM×1 is the
steering vector with λ being the wavelength and d being
the antenna spacing. For the convenience of analysis, we
assume that the index of the path related to the target in the
surveillance area is 2.

Recall that we adopt the time-division scheme for different
device groups and the MU-SIMO technique for each group.
Let sTn,k denote the transmit data of the n device in the j-th
group at the k-th subcarrier with E{|sTn,k|2} = 1 and pTn,k
represent the corresponding transmit power. After undergoing
the wireless channel hn,k, the received signal at the BS can
be expressed as

yT
n,k = hn,k

√
pTn,ks

T
n,k+

∑
n′∈Nj\{n}

hn′,k

√
pTn′,ks

T
n′,k+n, (3)

where n ∈ CM×1 is the complex Gaussian noise with zero
mean and covariance matrix σ2I . In the above, the first
term on the right-hand side of the equation represents the
signal received from the n-th device, while the second term
represents interference from other devices. To combine the
signal from different receive antennas, the BS adopts a receiver
vector, denoted by wn,k ∈ CM×1, for the n-th device, and the
corresponding signal-to-interference-plus-noise ratio (SINR)
can be expressed as

γn,k =
pTn,k|wH

n,khn,k|2

σ2||wn,k||2 +
∑

n′∈Nj\{n} p
T
n′,k|wH

n,khn′,k|2
. (4)

Thus, the sum of data rate over K subcarriers for the n-th
device is

Rn =

K∑
k=1

∆f log2 (1 + γn,k) . (5)

C. How Semantic Communications Benefit from Sensing?
Semantic communications aim to extract important informa-

tion or features from the image or video and further transmit
it instead of the whole image or video, greatly reducing the
transmission overhead. To this end, most existing solutions
leverage DL-based methods on the entire image. While this
kind of approach has been proven to be effective, substantial
computational resources are generally required. However, this
can be prohibitive for devices with limited computational
capabilities, resulting in high latency and congestion.

In fact, the most informative semantic content is often
concentrated in a small region of a video frame. Fig. 3 gives
an example frame captured by a classroom webcam. It can
be observed that only a small portion (approximately 6%)
of the image contains meaningful information relevant to
pose estimation. Thus, applying computationally intensive DL-
based methods to the entire frame incurs significant overhead.
Unfortunately, existing approaches struggle to mitigate this
inefficiency, as they rely solely on raw data (i.e., the captured
frames) and can only identify the region of interest (RoI) after
applying DL-based methods.

To address this, we aim to find an auxiliary information
source with low cost, and the already available CSI at the
BS emerges as a promising candidate. As indicated by the
channel model in (2), the measured CSI inherently captures
information related to the target within the surveillance area.
Leveraging this property, we identify two key benefits of
integrating sensing into semantic communications.
• Estimating the coarse RoI. Since the measured CSI at the
BS contains the location information of the target, it can be
leveraged to approximate the target’s region within the video
frame by applying localization algorithms on CSI and using
the vision model in Section III-A.
• Enhancing pose estimation. Different parts of the human
body interact with wireless signals differently, leading to
variations in ToF, AoA, and signal strength at the BS. By
analyzing and processing the measured CSI, it is possible
to extract meaningful features related to body posture [43].
These features can then serve as complementary information
to enhance pose estimation at the edge.

In the next section, we will give a detailed design for
exploring these potential benefits.

IV. THE DESIGN OF SENSEM

In this section, we propose SenSem that leverages sensing
to assist the semantic communications for reducing both com-
putation and communication overhead and further improving
the estimation performance. As illustrated in Fig. 4, it mainly
consists of five steps.
CSI acquisition. The first step starts with transmitting pilots
to the BS by the devices after collecting a GoP. With received
pilots, the BS measures the CSI between the device and itself.
RoI estimation. The measured CSI is used for estimating the
location of the target within the surveillance zone, enabling
the determination of a coarse RoI for the GoP. The estimated
RoI information is then fed back to the devices.
Semantic evaluation. With the received RoI, each device
divides the RoI into several blocks and applies a semantic
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evaluator to measure the semantic density of each block. The
density is further uploaded to the BS for requesting subsequent
transmission.
Optimization and transmission. After receiving all devices’
transmission requests, the BS jointly optimizes block selection
and transmit power to maximize the analytics performance
under the delay requirement. Upon the optimization results,
each device performs the transmission for the selected blocks.
Video analytics. The BS jointly utilizes the received semantic
information and the CSI to realize the pose estimation.

Since the CSI acquisition in the first step can be easily re-
alized using existing channel estimation methods designed for
multi-user systems [44], we focus on presenting the detailed
design for the remaining four steps in Sections IV-A to IV-D.

A. Location-Assisted RoI Estimation

In this section, we elaborate on how to use the measured CSI
to calculate the coarse RoI. Before performing localization, we
need to remove the LoS path from the measured CSI, as the
LoS path generally has the highest signal strength and may
interfere with the estimation of the NLoS path related to the
target. Recall that the device is located at (xD

n , y
D
n , z

D
n ) and the

BS is located at (0, 0, zB) with the direction of the ULA being
[1, 0, 0]. Thus, the AoA and ToF of the LoS path between the
BS and the device n are fixed and can be calculated using the
locations, as

τn,1 =

√
(xD

n )
2 + (yDn )

2 + (zDn − zBn )
2

c
, (6)

θn,1 = arcsin

(
xD
n√

(xD
n )

2 + (yDn )
2

)
, (7)

respectively, where c is the speed of light. However, the path
attenuation of the LoS path is unknown. To obtain it, we adopt
the least-squares method that aims to minimize the difference
between the measured CSI and the LoS path, as

min
ân,1

K∑
k=1

||hn,k − ân,1e
i2πτn,1(f

c+k∆f)α(θn,1)||2. (8)

With simple mathematical analysis and calculations, the esti-
mated path attenuation ân,1 can be derived as

ân,1 =
1

MK

K∑
k=1

e−i2πτn,1(f
c+k∆f)α(θn,1)

Hhn,k. (9)

Thus, the CSI after removing the LoS path is

hNLoS
n,k = hn,k − ân,1e

i2πτn,1(f
c+k∆f)α(θn,1). (10)

Upon the CSI in (10), the BS further utilizes the existing
localization algorithms to determine the AoA and ToF related
to the target, denoted by θ̂n,2 and τ̂n,2, respectively. In this
paper, we adopt the algorithm proposed in [45] and can obtain
the ToF-AoA spectra, as shown in Fig. 5. However, unlike
the fine-grained image, due to the limited bandwidth and
number of antennas, the location information obtained from
wireless signals often contains non-negligible errors. Using
this information to estimate the RoI may result in the loss of
some posture details for the target. For example, hand joints
might be excluded from the estimated RoI. To address this
issue, we need to find the potential range of the target instead
of only a location. Specifically, after finding the peak position
(θ̂n,2, τ̂n,2) related to the target, we aim to find the AoA and
ToF range of the peak by applying a threshold-based strategy.
Let P p and P n denote the magnitude of the peak and the
noise in the ToF-AoA spectra, and the threshold can be set as
P t = η(P p − P n) + P n with η ∈ (0, 1) being the parameter.
In the AoA dimension, we search outward from the peak in
both directions until the spectral power falls below P t, thereby
determining the AoA range, denoted by [θ̂ℓn,2, θ̂

u
n,2]. Similarly,

a similar operation is performed in the ToF dimension to obtain
the ToF range, denoted by [τ̂ ℓn,2, τ̂

u
n,2].

Now, we need to transform the obtained ToF and AoA of
the target into the coordinate in the world coordinate system.
Specifically, given the locations of the BS and the device n,
we have the following equations for the relationship among
the location of the target, denoted by pt

n = [xt
n, y

t
n, z

t
n]

T , the
ToF, and AoA, as

τ̂n,2c =
√

(xt
n − xD

n )
2 + (ytn − yDn )

2 + (ztn−zD)2

+
√
(xt

n)
2 + (ytn)

2 + (ztn−zB)2, (11)

sin(θ̂n,2) =
xt
n√

(xt
n)

2 + (ytn)
2
. (12)

In the above, (11) represents an ellipsoid that the sum of
the distances to the BS and device n is a constant, and
(12) represents a plane with x = y sin(θn,2). Note that
the height of the target ztn can be regarded as the prior
knowledge since it generally remains the same for a long
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time.2 Under given ztn, (11) can be simplified to an ellipse
of a1x2 + a2xy + a3y

2 + a4x+ a5y + a6, where coefficients
{ai, i=1, · · · , 6} can be easily calculated from (11) and the
detailed processes are omitted. Thus, [xt

n, y
t
n] can be regarded

as the intersection of the ellipse and the line (x = y sin(θ̂n,2)).3

Moreover, the intersection point can be obtained by substitut-
ing x = y sin(θ̂n,2) into the ellipse equation and then solving
using the quadratic formula. Considering the ranges of the
AoA and ToF ([θ̂ℓn,2, θ̂

u
n,2] and [τ̂ ℓn,2, τ̂

u
n,2]), the potential range

of the target in the world coordinate system is defined by two
elliptical curves and two straight lines, as shown in Fig. 5.

Thus far, the analysis has treated the target as a point. How-
ever, in reality, the target is a 3D object. To avoid information
loss, it is necessary to further expand the potential range to
include all body information of the object. Since the target’s
pose information is unknown at this stage, we consider an
extreme case: the target extends its arms, and the line segment
formed by the arms is perpendicular to the camera’s optical
axis. Let 2Dt denote the length of the segment and its direction
is [sin(ϑy), cos(ϑy), 0]. Thus, we extend the potential range
by a distance Dt in the directions of [sin(ϑy), cos(ϑy), 0]
and [− sin(ϑy),− cos(ϑy), 0], respectively, to obtain the new
range. After that, the potential range with the height being ztn
can be transformed to the region in the image plane using the
vision model introduced in Section III-A. The estimated region
may be irregular, which goes against the subsequent feedback
and semantic extraction. Consequently, as shown in Fig. 5, we
use the smallest rectangle that contains the estimated region
as the final estimated RoI.

B. Low-Complexity Semantic Evaluator

The existing solution [32] relies on the complex neural
network architecture to realize the video semantic information
encoding and decoding, being computationally intensive. Thus,
it may not be viable for surveillance devices with limited
computation capability. To address this issue, inspired by [22],
we first partition each frame in the GoP into Bn small
blocks with the size being 32 × 32 and only select the
blocks with key information for the applications at the edge
using the middle frame in the GoP. Furthermore, to improve
encoding efficiency, we directly adopt advanced video coding
techniques, such as the H.264 standard [31], for encoding the
selected blocks across the entire GoP. This approach fully
leverages the dedicated encoding hardware already available
in existing devices.

To realize this strategy, the key is to design a semantic
evaluator to quantify the amount of semantic information in
each block, referred to as semantic density. Since our goal is
to select blocks effective for the application at the edge, we
can measure the semantic information of a block based on the

2In cases where the target height fluctuates (e.g., raising hands or bending),
a conservative upper bound is typically sufficient, while more adaptive
methods (e.g., elevation estimation with a 2D antenna array or video-based
feedback) could also be applied.

3There generally would be two intersections between an ellipse and a line,
and we focus on introducing one intersection with the other one dealt with
the same manner.

performance degradation caused by its absence. Directly cal-
culating the degradation involves a significant computational
burden, as it requires applying the estimation network at the
edge for every frame variant, each time omitting a single
block. To address this, following [22], we approximate the
performance degradation as the gradient of performance with
respect to this block, multiplied by the difference between the
block’s original value and its replacement value. Thus, for the
frame at the n-th device, the semantic density of the b-th block
can be measured as

ρn,b =
∑

i∈Pn,b

∣∣∣∣∂L(y(xi), y(C))

∂xi
|xi=Hi

∣∣∣∣ · |Hi − C| , (13)

where Pn,b denotes the set of pixels in the block, Hi denotes
the i-pixel’s original value, and C is a constant used at the
edge to replace omitted blocks, i.e., the replacement value.
Moreover, y(·) represents the estimation network at the edge
and L(·) is the loss function that describes the difference in
output when different pixel values are used.4 In (13), the term
∂L(y(xi), y(C))

∂xi
|xi=Hi represents the gradient at the original

pixel value and |Hi − C| represents the difference between the
original pixel value and replacement value. Consequently, ρn,b
serves as an approximation of the performance degradation
incurred when the b-th block is not transmitted to the BS.

Since the calculation of the semantic density in (13) also
needs the network at the edge, it is not impractical to directly
apply (13). Instead, we train a lightweight neural network
as a semantic evaluator to measure the semantic density of
each block efficiently. Considering the requirement of the low
computational cost, we adopt MobileNetV2 [46] due to its
superior performance on mobile devices. Moreover, note that
the size of the estimated RoI does not stay constant due to the
varying location and pose of the target, and thus, the input and
output of the modified MobileNet must be adaptable to these
changes. To achieve this adaptability, we expand the RoI to
ensure that the input dimensions of the modified MobileNet
are multiples of 32 in both width and height. The scaling
ratio between the input and output of MobileNet is set to
match the block size (i.e., 256 pixels), ensuring that each
output corresponds to a single block. To realize it, we modify
MobileNet by removing the fully connected layer, which
would otherwise impose a fixed input/output size constraint.
Additionally, we set the stride of the first convolutional layer
and four inverted residual bottleneck layers to 2, enabling
efficient downsampling while preserving key features. To train
the modified MobileNet, we first perform the location-assisted
RoI estimation on the collected frame and further calculate the
semantic density using (13) and the pose estimation network.
The computed semantic density serves as the ground truth for
training MobileNet, with mean square error (MSE) employed
as the loss function to optimize the network.

For the computational complexity, the proposed semantic
evaluator consists of one initial convolutional layer, followed
by seven inverted residual blocks, and a final convolutional

4Note that the detailed network structure for pose estimation will be
introduced in Section IV-D.
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layer. For the l-th (convolutional) layers with kernel size ckl ,
input channels C i

l , output channels Co
l , and output spatial

resolution (Ho
l , W o

l ), the computational complexity can be
approximated as O(Ho

l W
o
l c

2
1C

i
lC

o
l ). For the l-th (inverted

residual) layer with expansion ratio til, the computational
complexity is given by O(Ho

l W
o
l (c

2tilC
i
l+til(C

i
l)

2+tilC
i
lC

o
l )).

Aggregating across all layers, the total computational com-
plexity becomes O(

∑8
l=2 H

o
l W

o
l (c

2tilC
i
l+til(C

i
l)

2+tilC
i
lC

o
l )+∑

l∈{1,9} H
o
l W

o
l c

2
lC

i
lC

o
l ). In addition, the model size is only

about 0.1 M parameters, and for an input of 500× 500 pixels,
the FLOPs are approximately 650 M. All the above clearly
demonstrate the low computational complexity of the proposed
semantic evaluator.

C. Analytics Performance Maximization
After obtaining the semantic density of each block, each

user uploads the semantic density ρn,b of each block, and then
the BS needs to determine the block selection and transmit
power control for maximizing the performance of the video
analytics under the limitations of the delay and communication
resource. Let δn,b denote the selection indicator of the b-th
block for the n-th device, where δn,b = 1 indicates that the
block is selected, and δn,b = 0 indicates that it would not be
transmitted. With the n-th device’s data rate Rn given in (5),
the transmission latency can be calculated as

Tn =

Bn∑
b=1

δn,bV /Rn. (14)

where V denotes the average data volume for each block.
In this paper, we aim to maximize the performance of video

analytics at the edge. Based on the analysis in Section IV-B,
ρn,b describes the performance degradation when the n-th
block is not uploaded. Therefore, the performance of the n-th
device can be approximately expressed as

An =

Bn∑
b=1

δn,bρn,b. (15)

Then, we can further formulate the following performance
maximization problem with joint block selection and power
control under the latency requirement:

max{
δn,b,τj ,

pT
n,k,wn,k

}
N∑

n=1

βn

(
Bn∑
b=1

δn,bρn,b

)
, (16a)

s.t. Tn =

∑Bn

b=1 δn,bV

Rn
≤ τj , ∀n ∈ Nj ,∀j, (16b)

J∑
j=1

τj ≤ T c, (16c)

δn,b ∈ {0, 1}, 0 ≤ pTn,k ≤ pmax,∀n, b, k, (16d)

where βn > 0 is the weight of the n-th device, pmax is the
upper limit for the transmit power, τj is the allocated time for
the j-th group, and T c is the transmission latency requirement,
determined by the total latency requirement Tmax and the
computation latency of the semantic evaluator. Moreover,
(16b) guarantees that the latency of each device in one group

does not exceed the allocated time τj , and (16c) ensures the
total transmission latency does not exceed its requirement.

By observing problem (16), we can find that the difficulty of
solving the problem primarily lies in the integer variables δn,b
and the complex inter-user interference. To address the first
difficulty, we note that, under the same transmission volume,
blocks with higher semantic density should be prioritized for
transmission. Therefore, we can first sort the blocks for each
device in descending order of semantic density, transforming
the block selection problem into an optimization of the number
of blocks. Let Bs

n represent the number of selected blocks, and
let the function gn(B

s
n) represent the amounts of the semantic

density of the Bs
n selected blocks. We can further relax Bs

n

into a continuous variable since Bn is typically large, and
gn(B

s
n) can be fitted as a piecewise linear function. It is easy

to find that gn(Bs
n) is concave and monotonically increasing.

Meanwhile, with the relaxed Bs
n, “=” in constraint (16b)

should be satisfied to maximize the objective function and
the optimal Bs

n is given by

Bs,⋆
n = τjRn/V, n ∈ Nj . (17)

Then, the optimization problem can be rewritten as

max
{τj ,pT

n ,wn,k}

N∑
n=1

βngn(τjRn/V ), (18)

s.t. (16c) and (16d).

Regarding problem (18), the transmit power of different
devices is still coupled in the data rate expression and gn(·)
in the objective function does not have an explicit functional
form, causing the problem difficult to solve directly. To
address it, we apply the WMMSE algorithm [47] and give
the following lemma.

Lemma 1. Defining (vTn,k)
2 = pTn,k with vTn,k ∈ R, prob-

lem (18) has the same optimal solution with the following
problem:

min{ κn,b,τj ,

vT
n,k,wn,k

}
N∑

n=1

βnGn

(
τj

K∑
k=1

(lnκn,k−κn,ken,k+1)

)
,(19)

s.t. (16c) and (vTn,k)
2 ≤ pmax, ∀n, b,

where κn,b > 0 is an auxiliary weight variable, Gn(x) =

−gn

(
∆f

V ln 2
x

)
, and en,k is the mean-square estimation error

at the k-th subcarrier:

en,k =|wH
k,nhn,kv

T
n,k − 1|2 + σ2wH

k,nwk,n

+
∑

n′∈Nj\{n}

|wH
n,khn′,kv

T
n′,k|2. (20)

Proof: The proof can be found in [47] and the detailed
derivation is omitted for brevity.

With Lemma 1, we can apply the block coordinate descent
(BCD) method [48] to solve problem (19). It divides the
variables into several blocks and successively updates them
by solving the corresponding subproblems. Specifically, for
problem (18), its variables can be divided into four blocks:
{κn,k,∀n, k}, {wn,k,∀n, k}, {τj ,∀j}, and {vTn,k,∀n}, and
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the corresponding subproblems are solved in the following.
First of all, we optimize {κn,k,∀n, k}. Since {κn,k} are

independent for different n and k, they can be optimized in
parallel. For κn,k, the subproblem is to maximize lnκn,k−
κn,ken,k as Gn(x) is a monotonically decreasing function.
Consequently, the optimal κn,k can be easily derived as

κ⋆
n,k = e−1

n,k. (21)

Similarly, {wn,k,∀n, k} can be optimized in parallel, and
the subproblem for wn,k is to minimize en,k. The optimal
wn,k can be easily derive as

w⋆
n,k =

∑
n′∈Nj

hn′,kh
H
n′,k|vn′,k|2+σ2I

−1

hn,kvn,k. (22)

For optimizing {τj ,∀j}, the subproblem is convex since
Gn(·) is convex and constraint (16c) is linear. Thus, we can
apply the Lagrangian method to solve it with the partial
Lagrange function being

L =

N∑
n=1

βnGn(τjbn) + λ

 J∑
j=1

τj − Tmax

 . (23)

where bn =
∑K

k=1(lnκn,k−κn,ken,k+1) and λ is the Lagrange
multiplier associated with constraint (16c). By applying the
Karush-Kuhn-Tucker (KKT) conditions, the optimal solution,
denoted by τ⋆j , is given by the following Theorem.

Theorem 1. The optimal communication resource allocation
strategy can be expressed as

τ⋆j = (Φj(−λ⋆))
+
, (24)

where Φj(x) is the inverse function of
∑

n∈Nj

βnbn
∂Gn(x)

∂x
|x=τbn

with respect to τ , i.e., Φj

( ∑
n∈Nj

βnbn
∂Gn(x)

∂x
|x=τbn

)
= τ ,

(x)+ = max{x, 0}, and λ⋆ is the optimal Lagrange multiplier
satisfying constraint (16c).

Proof: Please refer to Appendix A of the supplemental
material.

With Theorem 1, we can apply the classical bisection search
algorithm until constraint (16c) is satisfied to determine λ⋆.
For the inverse function Φj(x), it is hard to obtain its explicit
expression, and we also apply the bisection search algorithm
to calculate (24).

For the last block {vTn,k,∀n}, variables in the block are
optimized sequentially. The subproblem with respect to vTn,k
is given by

min
vT
n,k

∑
n′∈Nj\{n}

βn′Gn′
(
−τjκn′,k|wH

n′,khn,kv
T
n,k|2+Bn′,k

)
+βnGn

(
−τjκn,k|wH

n,khn,kv
T
n,k − 1|2+An,k

)
, (25a)

s.t. −
√
pmax ≤ vTn,k ≤

√
pmax, (25b)

where An,k and Bn′,k are known values that are not related
to vTn,k. The detailed expressions for An,k and Bn′,k can be
easily derived through (19) but are omitted here due to their

Algorithm 1: Joint Block Selection and Transmit
Power Control Algorithm for Problem (16).

1 Initialize the maximal error tolerance ϵ > 0 and the
maximal number of iterations Imax;

2 for n = 1, 2, · · · , N do
3 Sort the blocks in descending order of semantic

density and structure gn(B
s
n);

4 end
5 Initialize variables {κn,k,wn,k, τj , v

T
n,k,∀n, k, j} and

set the iteration number j = 0;
6 repeat
7 Update {κn,k,∀n, k} according to (21);
8 Update {wn,k,∀n, k} according to (22);
9 Update {τj ,∀j} using the bisection search

algorithm according to Theorem 1;
10 Update {vTn,k,∀n, k} using the Golden-section

search;
11 i = i+ 1;
12 until the difference between consecutive values of the

objective function is under ϵ or i > Imax.
13 Output: Bs

n = ⌊τjRn/V ⌋, pTn,k = (vTn,k)
2,wn,k,∀n, k.

complexity. Before solving the subproblem for vTn,k, we have
the following lemma.

Lemma 2. The objective function in problem (25) is convex
and unimodal.

Proof: Please refer to Appendix B of the supplemental
material.

With Lemma 2, we could also apply the Lagrangian method
to find the optimal vTn,k. However, due to the undefined expres-
sion of Gn(x), directly solving problem (25) using derivatives
is relatively complex. As an alternative, we make use of the
unimodality of the objective function, which means that there
is only one peak. The Golden-section search algorithm [49]
can be employed to find the optimal vTn,k.

So far, we have solved all subproblems for the four blocks,
and the overall algorithm to problem (16) is summarized in Al-
gorithm 1, which contains two parts: block sorting and iterative
optimization. In the first part, the algorithm needs to sort the
frame block for each device, and the computational complexity
is O(

∑
n Bn logBn). In the second part, the algorithm needs

to successively solve the four subproblems for the four vari-
able blocks in each iteration. Specifically, the computational
complexities of steps 7 and 8 are O(NKM maxj |Nj |) and
O(K(JM + N)M2), respectively. The computational com-

plexity of step 9 is O
(
N(log

1

ϵ
)2
)

with ϵ being the maximal

error tolerance, since step 9 requires a two-layer bisection
search. Moreover, the computational complexity of step 10

is O
(
NK log

1

ϵ

)
. Given Imax being the maximal number of

iterations, the computational complexity of Algorithm 1 is

O

(∑
n

BnlogBn+Imax

(
KMN(max

j
|Nj |+M)

)
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Fig. 6: Sensing-assisted video analytics, with the orange-
colored components representing the introduced structures.

+Imax

(
KJM3 +N log

1

ϵ
(log

1

ϵ
+K)

))
. (26)

Furthermore, the convergence of the proposed algorithm is
guaranteed since the BCD method is adopted [48].

D. Sensing-Assisted Video Analytics

Upon the compressed data, the BS first reconstructs the GoP
and then performs the pose estimation. As we mentioned in
Section III-C, the measured CSI at the BS also contains the
pose information related to the target, and thus it can be used
in video analytics to improve the performance. According to
the procedure shown in Fig. 4, there is only one measured CSI
sample available for each GoP. Directly applying the same CSI
sample to all frames within the GoP may degrade performance
rather than improve it. As an alternative, we assign the CSI
sample to the frame with the closest timestamp for enhancing
analysis, while the remaining frames are directly processed
using a state-of-the-art (SOTA) solution, i.e., ViTPose [23],
as depicted in Fig. 6. Subsequently, the results from the CSI-
assisted frame are leveraged to refine the pose estimations of
the other frames by exploiting temporal correlations, such as
through the HoT framework [50]. In this section, we focus on
detailing how CSI is used to assist in the pose estimation of
the closest frame.

To adapt to the existing solution as much as possible,
we consider extending the structure based on ViTPose. We
continue using the ToF-AoA spectrum from Section IV-A
as input, as it contains spatial information about the target.
However, because CSI is collected at the BS while frames
are captured at the device, they cannot be directly merged as
input. Instead, we adopt feature-level data fusion, as shown
in Fig. 6. Specifically, in the original ViTPose, the vision
transformer [51] is used to extract features from video frames,
which are then fed into a decoder for realizing the pose
estimation. Following this approach, we also utilize the vision
transformer to extract features from the ToF-AoA spectrum.
To enable deep fusion, we adopt a cross-modal attention (CA)
mechanism to combine CSI and frame features effectively. Let
F S ∈ RLF×NF and F I ∈ RLF×NF denote the extracted
features from the CSI and video frame, respectively, after
applying the vision transformer. We then project these features
into query (Q), key (K), and value (V ) representations using
trainable linear transformations:

Q = F IWQ, K = F SWK, K = F SWV, (27)

Two WARP v3 boards

(acting as the BS)

One WARP v3 board

(acting as the device)

Webcam

Fig. 7: Experiment setup in a room.

where WQ ∈ RNF×DF , WK ∈ RNF×DF , WV ∈ RNF×DF

are trainable weight matrices. With these representations, the
cross-modal attention is formulated as

CA(F I,F S)=Softmax

(
F IWQ(F SWK)T√

DF

)
F SWV, (28)

where Softmax(·) is the Softmax function. This operation
computes the relationship between the CSI feature F S and
frame feature F I, allowing frame queries to focus on relevant
CSI information. Similarly, CA(F I,F S) allows CSI queries
to focus on relevant frame information.

To capture diverse cross-modal interactions, we em-
ploy multi-head cross-modal attention: MHCA(F I,F S) =

concat
(
CA(F I,F S), · · · ,CA(F I,F S)

)
WM, where WM is

a trainable projection matrix and concat(·) is the concatena-
tion operation. To preserve modality-specific information, we
then apply a residual connection to obtain the fused feature:

F out = F S +MHCA(F I,F S) + F I +MHCA(F S,F I).

The final fused feature is further input into the subsequent
decoder for pose estimation. For training, we follow a strategy
similar to that of ViTPose. Moreover, in terms of computa-
tional complexity, the proposed network incurs roughly twice
the cost due to the additional vision transformer for CSI. This
overhead is acceptable since the computation is performed on
the edge server, where resources are generally abundant.

V. EVALUATION RESULTS

In this section, we first introduce the evaluation setup and
then detail the results for verifying SenSem’s performance.

A. Evaluation Setup

To ensure that the CSI corresponds accurately to the video
data, we first conduct real-world experiments to collect a
dataset, as illustrated in Fig. 7. A 1080p webcam is used to
capture surveillance video, while three WARP v3 boards [52]
are employed to collect the CSI. Specifically, two WARP
boards are acted as the BS with 8 antennas, and one WARP
board is acted as the device with 2 antennas. The three WARP
v3 boards operate at the 5.16 GHz with the bandwidth being
20 MHz. The whole bandwidth is further divided into 64
subcarriers, with 52 subcarriers used for sensing. To enhance
dataset diversity, the equipment setup is deployed in three
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different locations, where three subjects are instructed to move
randomly and perform various actions in the monitored area.
The dataset consists of approximately 296,000 video frames
and 735,000 CSI samples. To obtain the label for the pose
estimation, we employ the ViTPose-H [23], one of the SOTA
solutions. The dataset is then split into training and test sets at
an 8:2 ratio. In our experiments, both the WARP platform and
the video camera are connected to the same laptop, ensuring
high-precision synchronization between CSI and video frames.
In practical 5G systems, standard synchronization mechanisms
with sub-microsecond accuracy [53] are sufficient to support
SenSem. Moreover, our experiments strictly follow the Insti-
tutional Review Board guidelines of our institute.

With the collected dataset, we first train the semantic
evaluator in Section IV-B and the video analytics network
in Section IV-D over the training set on a Linux server with
four RTX A5000 GPUs. Notably, to highlight the performance
improvement brought by sensing, we select the ViTPose-B
network as the foundation for the video analytics network
instead of the more powerful ViTPose-H network. Then, we
verify the performance of the proposal with the simulation, and
the settings are provided as follows, unless otherwise specified.
The system comprises one 8-antenna BS and 32 single-antenna
devices. For each device, we randomly select five consecutive
frames from the test set as the video to be processed, with
one corresponding CSI sample used as the channel between
the device and the BS. The latency requirement Tmax is set
as 150 ms, and the weight is set as 1/N for all devices.
Moreover, on each device, the trained semantic evaluator is
applied to measure the semantic density of each block after
cropping each frame using the location-assisted RoI estimation
method. For the transmission process, we consider that each
group consists of 4 devices, and the transmit power upper limit
of each device is set as 24 dBm for the whole bandwidth,
with the limit for each subcarrier being 6.84 dBm. The ratio
of the path loss to the noise power, i.e., loss-to-noise ratio
(LNR), is randomly set within the range of [10,20] dB. At the
edge server, we apply the trained video analytics network for
pose estimation. Moreover, the performance of video analytics
is evaluated using average precision (AP), which measures
precision under a given threshold [23]. For example, AP50
corresponds to a threshold of 0.5 and mAP is the mean AP
over thresholds of {0.5, 0.55, · · · , 0.95}.

B. Micro-Benchmark Studies

First of all, we evaluate the effectiveness of the proposed
location-assisted RoI estimation method. Fig. 8(a) illustrates
the cumulative distribution function (CDF) for the ratio of the
retained region after cropping. It can be seen that the average
retained ratio is 18.29 %, corresponding to 37,931 pixels
per frame. This result confirms that our proposed method
significantly reduces the video volume. Next, we analyze its
impact on the computation latency of the semantic evaluator.
The semantic evaluator is deployed on a Raspberry Pi 5 with
4 GB RAM, and we measure the computation latency for both
the original and cropped frames, as shown in Fig. 8(b). The
average computation latency is around 71 ms after cropping
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Fig. 8: Performance evaluation of the proposed RoI estimation
method: (a) CDF of the retained region ratio after cropping and
(b) computation latency of the semantic evaluator for original
and cropped frames.

TABLE I: Time of Existing Methods on Raspberry Pi 5.

Method DeepWiVe [7] DCVC [54] YOLO [55]
Resolution 720p 1080p 720p 1080p 1080p
Delay (s) 76.4 192.5 51.4 120.8 2.6
Method ADJSCC [56] Lightweight solution [57]

Resolution 720p 1080p 480p 720p 1080p
Delay (s) 7.5 17.5 1.9 5.7 13.2

TABLE II: Video Analytics Using the Cropped Frames.

Metrics mAP AP50 AP70 AP90
ViTPose-B 93.5% 100.0% 99.3% 82.2%

Sensing-assisted 95.1% 100.0% 99.7% 89.2%

while the average latency is around 507 ms for the original
frames.5 This reduction corresponds to only 14.1 % of the
original latency, significantly decreasing computational over-
head. The improvement is attributed to the positive correlation
between the complexity of convolutional networks and the
number of processed pixels. These results demonstrate the
efficiency of our proposed method. Moreover, we also evaluate
the inference latency of four representative existing semantic
encoders as well as YOLOv11 (used for RoI estimation) on
the Raspberry Pi, as shown in Tab. I. The results clearly show
that all of them exceed the latency constraint of 150 ms. In
addition, large-model solutions such as SegGPT [58] cannot be
executed on the Raspberry Pi due to memory constraints. Even
when deployed on a high-end server, their inference latency
remains far beyond the real-time requirements. This indicates
that current solutions are challenging to deploy on resource-
constrained edge devices, highlighting the need for SenSem.

To verify that no key pose information is lost after cropping,
we apply the ViTPose-B network to perform pose estimation
on the cropped frames, and the results are summarized in
Tab. II. One can clearly see that the performance after cropping
remains high, confirming that our method preserves essen-
tial pose information. Additionally, we evaluate the sensing-
assisted analytics network proposed in Section IV-D and report
the results in Tab. II. Compared to the ViTPose-B network,
the sensing-assisted network achieves a 2.6 % higher mAP,
further validating the effectiveness of incorporating sensing
information into video analytics.

5The computation latency could be further reduced via model pruning and
quantization. However, as our focus is on demonstrating the reduction in
overhead, the specific details are omitted in this paper.
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of Algorithm 1.

Next, we focus on the semantic evaluator on the cropped
frames. To assess its effectiveness, we compute the importance
(i.e., semantic density) of each block using the semantic
evaluator and select high-importance blocks as input to the
ViTPose-B network. As a baseline, we also consider an
intuitionistic selection scheme, where blocks are chosen in
a fixed order from the top-left to the bottom-right of the
frame without considering importance. The performance of
both methods under different selection ratios is presented in
Fig. 9. We can observe that, with the semantic evaluator, mAP
initially increases rapidly with the selection ratio and then
stabilizes, following a strictly concave trend. This validates
that the semantic density computed by the evaluator accu-
rately reflects the importance of each block, i.e., its semantic
information content. Notably, when the selected ratio reaches
30 %, the mAP achieves 92.8 %, which is comparable to the
93.5 % obtained when using the entire frame. In contrast,
the baseline scheme exhibits slower performance growth,
requiring a selection ratio of approximately 83 % to reach a
similar performance level. This highlights that the use of the
evaluator can significantly reduce the transmission overhead
while maintaining high performance.

Finally, we analyze the convergence behavior of Algo-
rithm 1. Fig. 10 depicts the achieved objective value with
the number of iterations. It can be seen that the objective
value monotonically increases with the number of iterations,
and the proposed algorithm converges within 7 iterations. This
demonstrates the convergence of the proposed algorithm. Ad-
ditionally, the final objective value significantly outperforms
that obtained from random initialization, demonstrating the
superiority of the proposed approach. It is important to note
that the objective value does not directly correspond to final
analytics performance; thus, we will provide a performance
evaluation against baselines in the next section to showcase
the true performance gains.

C. Overall Performance

In this section, we evaluate the overall performance of
the proposed SenSem. Based on Fig. 8(b), the computation
latency is 71 ms, and thus, the upper limit for the commu-
nication latency T c is set as 79 ms for Algorithm 1. It is
due to that the remained communication and computation
overhead introduced by the proposed method is negligible.
Pilot transmission is reused without additional cost, while RoI
feedback only requires sending a few numeric values, resulting
in minimal data exchange. The optimization algorithm features
polynomial complexity and converges rapidly, ensuring real-
time execution with negligible latency.

First of all, we evaluate SenSem under a single-device
scenario with bandwidth being 625 kHz and compare it with
the lightweight solution [57]. To meet the latency constraint,
we progressively reduced the input resolution until the total
computation plus communication delay was within the re-
quired limit. The resulting input resolutions are 108×192 for
the 150ms case and 292×500 for the 1s case. Fig. 12(a) shows
the performance of SenSem and [57], with latency budgets of
150 ms and 1 s. The results indicate that our proposed method
consistently outperforms [57], whose mAP remains close to
zero across all SNR levels. To further analyze this result,
Fig. 11 presents visual comparisons at SNR=30 dB, including
the original image, the resized input, and the reconstructed
image. Based on these comparisons, two direct observations
can be made, and an additional contributing factor can be
reasonably inferred. First, as illustrated by Fig. 11(a) vs.
Fig. 11(c), the aggressive downsampling required to meet
the latency constraint removes most fine-grained human-pose
details, resulting in substantial semantic loss. Second, as
shown in Fig. 11(c) vs. Fig. 11(d), the lightweight network
design of [57] further limits reconstruction fidelity, introducing
artifacts and blurring that obscure body features. In addition,
the surveillance scenario itself reinforces this effect: the back-
ground is nearly static while the person moves continuously,
making the model more likely to learn the stable background
than the highly dynamic human region. Together, these factors
lead to the noticeably blurred appearance of the person. In
contrast, as shown in Fig. 11(b), SenSem effectively identifies
and transmits only the blocks containing human information,
thereby preserving key semantic content while drastically re-
ducing communication load. These results confirm the superior
efficiency and robustness of the proposed approach compared
with SOTA lightweight baselines.

Next, we consider a multi-device case. Since existing se-
mantic communication schemes applied directly to original
frames often exceed the total latency limit, such methods are
not included in this comparison. We compare SenSem against
the following schemes:
• Conventional scheme. This scheme uses an H.264 pipeline
without sensing or semantic evaluator. The frame is divided

(a) Original frame (1080×1920). (b) SenSem.

(c) Input frame (108×192). (d) Output frame (108×192).
Fig. 11: Visual comparison between SenSem and [57] at
SNR=30dB: (a) the original image, (b) the blocks uploaded by
SenSem, (c)–(d) the input and reconstructed outputs of [57].
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Fig. 12: The overall performance of the proposed SenSem: (a) single-device case, and (b)–(d) multi-device case.

(a) LNR=10 dB. (b) LNR=15 dB. (c) LNR=20 dB.
Fig. 13: Visualization of uploaded blocks under different LNR conditions. The blue box indicates the RoI estimated based on
localization, the normally colored regions represent the transmitted blocks, and the gray regions denote discarded blocks.

into several blocks, each assumed to have identical semantic
density. To meet the communication latency of 150 ms, Algo-
rithm 1 is used to determine the number of selected blocks.
• YOLO-based scheme. Each device employs YOLO to
detect the RoI. To satisfy the latency requirement, the input
resolution of YOLO is set to 192×288, resulting in an infer-
ence delay of approximately 88.5ms. As no semantic evaluator
is used, all blocks within the detected RoI are assumed to have
identical semantic importance. The number of uploaded blocks
is determined by Algorithm 1 to meet the delay constraint.
• Average scheme. This scheme differs from SenSem in that
it does not employ Algorithm 1. Instead, the transmit power
is set as its upper limit, and the number of selected blocks is
the same for all devices, which can be determined by applying
the binary search until the communication latency is met.
• Without semantic evaluator (“W/o Sem.”). The transmis-
sion latency is set to 150 ms, and all blocks are treated as
having equal semantic density during optimization.
• Without sensing-assisted video analytics (“W/o CSI”).
The analytics at the server rely solely on images without CSI.

Firstly, Fig. 12(b) shows the performance of the three
schemes with different LNRs. One can clearly observe that the
proposed SenSem outperforms all baselines, demonstrating its
superiority. First, the performance gap between the proposed
scheme and the average scheme is more pronounced at a lower
LNR. This is because, at a higher LNR ratio, most blocks
with high semantic density can be uploaded, diminishing the
relative performance gain. This result verifies the effectiveness
of the Algorithm 1. Secondly, it can be observed that the
performance of SenSem and the average scheme remains
significantly higher than that of the conventional scheme, even
at high LNR values. This is because the former two selectively
upload informative blocks, whereas the conventional scheme
randomly transmits as many blocks as possible, inevitably
missing critical information. Moreover, due to the excessive
data volume, its performance remains limited even under
high SNR, unless the SNR is further increased to unrealistic

levels beyond practical settings. Thirdly, SenSem consistently
outperforms YOLO-based scheme, since its BS-side CSI-
based RoI estimation eliminates device-side inference latency
and the semantic evaluator enables prioritized transmission
of the most informative blocks. Fourthly, the absence of
the semantic evaluator causes a significant performance drop
because devices randomly select blocks, making it unlikely
that semantically important regions are transmitted. Likewise,
removing sensing-assisted video analytics leads to varying
degrees of degradation: the drop is small when the video
frames already provide high-quality visual information, but
becomes substantial when the original visual accuracy is low,
where CSI plays a more critical complementary role.

To further analyze the benefits of integrated sensing and
semantic communications, we present the ratio of transmitted
blocks to total blocks at LNR = 20 dB in Fig. 12(c). From
it, we can observe that the average ratio of the transmitted
blocks is around 5.5%, which is consistent with the previous
results in Section V-B. Specifically, by leveraging sensing for
cropping, the number of blocks to be transmitted is reduced to
only 18.29 % of the original, as shown in Fig. 8(a). On top of
this, semantic communications further reduce the transmission
volume, requiring only about 30 % of the blocks to achieve
performance comparable to the full image, as demonstrated
in Fig. 9. Consequently, the overall compression ratio is
reasonably 5.5 %. These findings confirm that integrated
sensing and semantic communications can significantly reduce
communication overhead while maintaining high performance.

We further visualize the selected blocks of the same frame
under different LNRs in Fig. 13. The results clearly show that
the location-assisted RoI estimation effectively discards non-
essential regions of the image. Building on this, Algorithm 1
adaptively selects blocks based on LNR, with transmission
ratios of 18.9 %, 29.3 %, and 38.7 % for LNR being 10 dB,
15dB, and 20dB, respectively. This trend indicates that as LNR
increases, more blocks are uploaded, leveraging improved
channel conditions. Notably, even in the worst-case scenario
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(LNR=10dB), the vast majority of critical blocks are uploaded,
ensuring high performance.

Fig. 12(d) illustrates the performance of the six schemes
under different numbers of devices. As the number of devices
increases, all six schemes exhibit a monotonic performance
decline. This is because a higher number of devices intensifies
competition for limited communication resources, reducing the
available time slots and the number of transmitted blocks for
each user. Additionally, it can be observed that the decline
rate of the proposed SenSem is lower than that of the average
scheme. This is attributed to the superiority of Algorithm 1,
which adaptively determines the number of transmitted blocks
for each user based on channel conditions and the semantic
density of each block.

VI. CONCLUSION

In this paper, we have proposed SenSem, a novel framework
that integrates sensing and semantic communications to reduce
transmission and computation overhead in the multi-device
video analytics system. Specifically, we have introduced a
location-assisted RoI estimation method to reduce the amount
of information to be processed. Additionally, we have designed
a low-complexity semantic evaluator and, based on this, de-
veloped a joint block selection and transmit power control
algorithm, ensuring that only high-semantic-content blocks are
uploaded to the BS for analytics. At the edge server, we have
designed a sensing-assisted video analytics network to enhance
analysis performance. To validate SenSem, we have collected
a joint CSI and video dataset using three WARP boards and a
webcam. Extensive evaluation results have demonstrated that
our proposed RoI estimation method and semantic evaluator
effectively reduce the number of transmitted blocks to just
5.5 % of the original one, while preserving key informa-
tion. Meanwhile, the sensing-assisted network improves video
analytics performance at the edge. Moreover, compared to
baseline methods, the proposed framework achieves higher
analytics performance under identical latency constraints, con-
firming the effectiveness of SenSem.

In this paper, we consider video monitoring/analytics, and
SenSem mainly applies to cases where the targets remain
visible to the camera; otherwise, the monitoring itself would
lose its meaning. Under this, SenSem is suitable for both in-
door (e.g., classrooms) and outdoor environments (e.g., smart
factories and warehouses). Its performance can be further
improved by leveraging larger bandwidths and more antennas
to enhance the accuracy of RoI estimation. In some scenarios,
however, occlusion may occur between the camera and the
target. In practice, such an issue is addressed through multi-
camera collaboration. As part of our future work, we plan to
explore how SenSem can jointly exploit video and CSI from
multiple cameras to further enhance robustness.
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