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Abstract—With the proliferation of edge computing and the
Internet of Things (IoT), inference-driven intelligent cameras
are increasingly deployed for resource-efficient and privacy-
preserving processing. In real-world scenarios, such as traffic
surveillance, cameras deployed at different locations (e.g., inter-
sections or corners) experience imbalanced inference workloads,
leading to latency bottlenecks and resource underutilization. To
address this, we propose ReMO, an adaptive framework for
collaborative video analytics. Unlike full-frame offloading, ReMO
divides video frames into regions to reduce data transmission
and enable fine-grained load balancing. It consists of two key
components: a Region Generator that analyzes scene features
to identify regions with varying detection needs, and a Region
Scheduler that formulates scheduling as an integer nonlinear
problem, solved via an adaptive online algorithm based on
Lyapunov optimization and Markov approximation. Experimen-
tal results demonstrate that ReMO effectively reduces latency
by 9.3-26.3% while maintaining high accuracy, outperforming
baseline strategies.

Index Terms—Edge Computing, Collaborative Inference,
Adaptive Offloading, Lyapunov Optimization

I. INTRODUCTION

Deep Neural Networks (DNNs) serve as the foundation
for numerous cutting-edge Al applications, including object
detection [1], semantic segmentation [2], text generation [3],
and gesture recognition [4]. Benefited from the widely studied
Mobile Edge Computing (MEC) paradigm, DNN inference
tasks can be processed closer to the data source, thereby
reducing latency and improving privacy. Coupled with the
rapid proliferation of the Internet of Things (IoT) and advances
in wireless sensing [5], edge intelligence has become a key
enabler for decentralized Al. Among these applications, video
analytics has emerged as a primary use case [6], [7], where
inference workloads are increasingly handled by edge devices
such as smart cameras.

However, real-world deployments (Fig. 1) show significant
spatial and temporal workload imbalance across cameras.
Overloaded cameras at busy intersections(camera 1, 3) suffer
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Fig. 1: Workload imbalance in traffic surveillance scenario

from increased inference latency caused by queuing delays,
while underutilized cameras in quieter areas (camera 2) fail to
make efficient use of their available resources.

A natural and promising approach to addressing this imbal-
ance is to redistribute the inference workload by offloading
tasks from overburdened devices to underutilized peer edge
nodes. However, devising an optimal workload redistribution
strategy is inherently complex, posing three key challenges:

Firstly, offloading a large volume of data imposes significant
costs in terms of device capacity and network transmission
overhead. Original video streams typically feature high res-
olutions (e.g., 1080p), demanding substantial computational
power and bandwidth to support real-time inference and
data transfer. This requirement is at odds with the inherent
constraints of edge devices, which often suffer from limited
computational and network resources. The challenge becomes
even more pronounced when dealing with ultra-high-definition
video (e.g., 4K) or when network reliability between edge
devices is suboptimal. A seemingly straightforward solution is
to partition video frames into multiple equal-sized tiles [8] and
distribute them across cameras for processing. However, this
approach introduces excessive tile boundaries, necessitating
massive cross-tile processing.

Secondly, each camera’s inference workload exhibits in-
herent spatiotemporal variability. Spatially, object distribution
within a frame is uneven, with certain regions consistently
covering more objects than others. Temporally, these workload
patterns remain dynamic and unpredictable due to fluctuating
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traffic flows influenced by factors such as camera location
and time. While the number of detected objects provides a
coarse workload estimate, the lack of real-time video ana-
Iytics precludes accurate characterization of spatiotemporal
workload dynamics. This dual uncertainty — in where and
when computational demands peak — fundamentally limits
the effectiveness of static offloading strategies, often causing
persistent resource imbalances. Consequently, achieving an
accurate and efficient estimation of spatiotemporal workload
is crucial for adaptive resource allocation.

Thirdly, model heterogeneity and network fluctuations ne-
cessitate a comprehensive approach for real-time decision-
making. Surveillance edge cameras in urban environments
typically handle heavier workloads compared to their subur-
ban counterparts, leading to the deployment of diverse CNN
architectures. However, more accurate models inevitably incur
longer inference latency. This variance in processing delay and
detection performance significantly complicates the provision
of real-time guarantees. Furthermore, the inherent volatility
of edge network bandwidth invalidates static scheduling, es-
pecially when transmitting data over congested network links
where bandwidth contention leads to substantial and unpre-
dictable transmission delays. These challenges underscore the
need for an adaptive scheduling algorithm that can accommo-
date both model heterogeneity and network variability.

Existing research efforts fall short in addressing these chal-
lenges comprehensively. Some studies [8]-[11] have explored
region-of-interest (Rol)-based offloading to reduce inference
costs by leveraging spatial redundancy within frames. How-
ever, these methods rely on time-intensive CNN-based predic-
tions for Rol selection, introducing additional computational
overhead. Other works [12], [13] have focused on adaptively
balancing computational loads across cameras but do not
account for intra-frame spatial redundancy.

To address both spatial redundancy and dynamic workload
imbalance, we propose ReMO, a region-based offloading
framework built upon the widely-used Detection-Based Track-
ing (DBT) paradigm. ReMO consists of two key components.
First, the Region Generator partitions frames into fixed re-
gions based on long-term trajectory observations—eschewing
CNN-based proposals [11], [14] to minimize overhead. To
reflect the spatiotemporal workload, we quantify the detec-
tion necessity of each region in every frame using multi-
dimensional metrics (e.g., optical flow standard deviation)
with adaptive padding subsequently applied to preserve ob-
ject integrity. Second, the centralized Region Scheduler
solves an integer nonlinear program in real-time using a
Lyapunov-optimized Markov approximation algorithm, dy-
namically adapting to content variations, model heterogeneity,
and bandwidth fluctuations for robust scheduling.

We implement ReMO on commercial off-the-shelf (COTS)
hardware and conduct comprehensive evaluations using multi-
camera datasets. Results show that ReMO adaptively bal-
ances workloads, reducing response latency by 9.3-26.3%
while maintaining high accuracy. The implementation is open-
sourced at https://github.com/yannixing/ReMO.git. Our major
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Fig. 2: Workloads vary across different videos
contributions are as follows:

o« We propose region-based offloading based on fixed,
model-free region partitioning without excessive over-
head and boundary handling to mitigate spatial redun-
dancy while enabling fine-grained load balancing.

o We design a multidimensional metric inspired by tracking
drift factors to estimate spatiotemporal workload and
dynamically trigger region detection per frame.

o We formulate and solve the adaptive scheduling problem
through an online algorithm combining Lyapunov opti-
mization and Markov approximation, effectively handling
model heterogeneity and network dynamics.

o« We conduct extensive experiments demonstrating the
superior performance of our approach compared to base-
lines in terms of accuracy, latency, and load balancing.

II. MOTIVATIONS

Cross-Camera Workload Imbalance: Traffic cameras [15]
are often deployed with complementary fields of view, but
their inference workloads can differ due to scene coverage. As
shown in Fig. 2b, Videos 1 and 3 monitoring major intersec-
tions consistently experience heavier workloads than Videos
2 and 4. These patterns, however, are highly dynamic. Traffic
conditions can change abruptly, as shown in Video 2 where
the object count surges between 23 and 28 seconds. Moreover,
prior work [12] has shown that dense scenes under the DBT
framework require more frequent detection to mitigate tracking
drift. Such temporal and content-driven fluctuations render
static offloading strategies ineffective, highlighting the need
for adaptive, content-aware scheduling mechanisms.

Intra-Camera Workload Imbalance: Object density varies
spatially due to stable road layouts. Rather than using costly
region proposal methods (e.g., ELF [11]), we partition frames
into fixed regions derived from historical trajectory patterns
(Fig. 3a). As shown by the blue bars in Fig. 3b, some regions
consistently contain more objects and require higher compu-
tational effort. Notably, due to poor image quality, Region 1
exhibits a lower-than-expected object count, despite covering a
high-traffic road area. This intra-frame workload skew mirrors
the cross-camera imbalance, as both stem from uneven object
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Fig. 3: Workloads vary across different regions

distributions shaped by physical scene characteristics and
content dynamics.

Benefits of Region-Based Offloading: To assess the cost of
region-level inference, we benchmarked the YOLOv8n model
on an NVIDIA Jetson Nano BO1. As illustrated by the red
scatters and green bars in Fig. 3b, inference time increases
approximately linearly with region area—larger regions (e.g.,
Region 5) incur significantly longer delays than smaller ones.
Region-based offloading allows selective processing of high-
value regions, reducing redundant computation and data trans-
mission. This not only alleviates bandwidth bottlenecks but
also enables fine-grained load balancing across collaborative
devices, supporting scalable and real-time inference under
constrained conditions.

These observations motivate ReMO, our region-based of-
floading framework that dynamically allocates tasks across
devices using spatial-temporal workload patterns.

III. SYSTEM ARCHITECTURE

For simplicity, we manually define rectangular regions of-
fline based on motion trajectories and scene layout. The fixed
region coordinates are stored locally to enable lightweight and
consistent partitioning without runtime computation. Without
loss of generality, we segments time into discrete slots and
adopts the DBT framework. Since tracker performance de-
pends heavily on the initial detection quality, each camera
offloads the first frame of every slot to the edge server for
accurate object detection.

Workflow: As illustrated in Fig. 4, ReMO consists of four
key modules. First, the local camera offloads the first frame
of each video chunk to the edge server. Subsequent frames
adopt the DBT method, where object detection is triggered
only when lightweight trackers (e.g., optical flow) drift. The
Detect Trigger is designed to calculate multi-dimensional
metrics for predefined regions (without frame cropping) using
Python functions, determines the regions requiring detection
and then transmits selected region IDs to the Region Scheduler.
Second, the Proportional Padding Adjustment (PPA) Module
introduces a padding mechanism that enlarges the selected re-
gions ensuring complete bounding boxes for boundary objects.
These cropped regions are then packaged into inference tasks
and assigned to devices based on scheduling.

Third, the Region Scheduler (in a separate controller)
aggregates region IDs from all devices and pre-stores region-
specific data (e.g., camera-captured area per ID) to aid
decision-making. The scheduler dynamically assigns these
tasks using an adaptive online algorithm. Finally, each camera,
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Fig. 4: System architecture of ReMO

running a DNN model, processes its allocated tasks and returns
results to the corresponding cameras. Then, the Area-Based
Non-Maximum Suppression (ABN) Module filters bounding
boxes, retaining only the largest and most complete detec-
tions while discarding partial or redundant ones. This process
achieves seamless cross-region object detection fusion.

To streamline the system design, ReMO consolidates the
Detect Trigger and PPA Module into a single Region Gener-
ator (see Section V). The methodology of Region Scheduler
is detailed in Section V.

IV. REGION GENERATOR DESIGN
A. Detect Trigger

To assess the necessity of detection in these regions, we
analyze tracking failure causes in the DBT framework. The
primary issue stems from accumulated drift in long-term
optical flow tracking, where estimated positions progressively
deviate from ground truth. This drift originates from two
sources: (1) tracking failure of existing objects (detectable
through optical flow point dynamics), and (2) new object emer-
gence (determined by region-specific properties). We quantify
these phenomena through two dedicated metrics.

Optical Flow Standard Deviation: Prior studies [16] have
demonstrated that the standard deviation of dense optical flow
serves as a reliable indicator of motion inconsistencies, which
are strongly correlated with tracking failures. Consequently, a
higher optical flow standard deviation suggests potential track-
ing failure, necessitating region detection. To ensure real-time
efficiency, we employ cv2.DISOpticalFlow_create to
compute dense optical flow. The optical flow standard devia-
tion for region r is denoted as s,..

Edge Pixel Ratio: When a new object enters a region, the
optical flow mechanism cannot independently establish feature
points for tracking. However, new objects significantly alter
the distribution of edge pixels. Therefore, monitoring edge
pixels serves as an indicator of object entry into a region. Edge
pixels are detected using cv2.Canny, and the normalized
edge pixel ratio for region r is defined as: e, = ﬁ—:, where
E,. denotes the total number of edge pixels in region r, and
M, represents the total number of pixels in region 7.

Flag: We combine s, and e, into a unified score: Flag[r] =
wy - S + wsy - €., where (wy,ws) are optimized through
grid search with 5-fold cross-validation, minimizing the mean
squared error (MSE) between predicted and actual Fl-score
drops (performing full-frame detection on the first frame per
time slot and switching to optical flow for subsequent frames).
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Fig. 5a shows the weight optimization process for video [17],
with the optimal weights (0.4,0.3) yielding flag values that
inversely correlate with F1- scores (Fig. 5b). To enable real-
time adaptation, we monitor & dt £ and trigger detection when
it exceeds a threshold (), which is dynamically adjusted based
on system latency.

B. PPA Module

Although regions are divided based on motion trajectories
to minimize object segmentation, cross-region objects still
require handling. As shown in Fig. 6a, some vehicles are
detected with partial bounding boxes across two regions.

To address this, we employ the PPA module that adap-
tively expands region boundaries for complete object detection
(Fig. 6b). The padding extends shared boundaries (e.g., Box3),
with size determined by a perspective-aware adaptive ratio.
Regions closer to the camera receive larger padding (padding
2 > padding 1 in Fig. 6b) as objects appear larger. For
boundaries parallel to the camera orientation, we apply the
average of adjacent padding ratios. This design ensures the
high accuracy of region-based offloading.

V. REGION SCHEDULER DESIGN

This section introduces the Region Scheduler, which adap-
tively balances workloads across cameras by formulating and
solving an optimization problem.

A. System models

We consider a system of smart cameras N' = {1,2,..., N}
and one edge server (0). Each camera’s video frame is divided
into R; fixed regions, with region area denoted as M, and full-
frame area M. Table I summarizes key notations.

Time is partitioned into slots 7 = {1,2,...,T'}, with each
camera capturing F’ frames per slot. The scheduling matrix X/
records the task allocation for camera i in slot t: if X/[f,7] =
j, region r in frame f is offloaded to camera j; if X/[f,r] =
—1, optical flow tracking is used locally.

TABLE I: Summary of Notations Used for System Model

Notation | Description

M, Area of region r

My Area of frame

R; Number of regions for camera ¢

Xf Scheduling policy of camera 7 in slot ¢

Xt Set of scheduling policies for N cameras

Si, M Inference time for camera ¢ to process an image with an
area of M

a; Average detection accuracy of camera ¢

ag Average detection accuracy of edge servers

Pit Tracking drift factor for camera ¢ in slot ¢

Aig Accuracy of camera 1 in slot ¢

Ay Average accuracy of N cameras in slot ¢

S0 Detection delay of edge servers

Ti‘fft Total detection delay of camera ¢ in slot ¢

b’ Bandwidth share from camera i to camera j in slot ¢

Tl.t;‘ms Transmission delay of camera ¢ in slot ¢

Ti Delay of camera i in slot ¢

T Maximal delay of all cameras (system delay) in slot ¢

K Load of camera 7 in slot ¢t

Ky System load balancing index in slot ¢

Accuracy Model: For detected regions, accuracy is a Xi[fyr]-
For tracked regions, accuracy degrades with tracking drift ¢, ;
f 1,r .
and prior accuracy A; . The frame accuracy is the average
of all region accurames.

R; ;
Aly=% " (LIS = 1) - axgppnt

IXG1f,r] = =10 ALY i,
where I[X[f,r] = —1] indicates whether 0pt1ca1 flow tracking
is applied to this region.

The per-camera accuracy is A;; =
average accuracy of /N cameras is:

1
Ar= Do At @

Delay Model: Inference delay of camera ¢ depends on
detection area and model speed:

Tt = . M, -
it ZT’G{T‘ng (fir]=ijEN Si, M, (3)

Transmission delay 77;*"* includes sending the first frame
to the server and subsequent data transfer. For the latter,

E : . i —_i1 @

: : send __ re{r|X}[frl=5}

the sending delay is 77{"" = » JEN e ,
where « is a constant representing the ratio between region

area and data size. Similarly, the receiving delay is 7§ =

> X Ix{1gm=iy @
JEN bl
camera 7 is

(D

sz i and the

. Thus, the transmission delay of

aMy
by"
In conclusion, the total delay of camera 7 is T} ; = Ti‘fft +
T{7%". The system delay is
T, = max(T; ;). 5)
System Load Balancing Index: The load balancing among
cameras can be quantified by defining each camera’s load
as the total image area requiring detection. The system load
balancing index K is the variance of all cameras’ loads:

2
1 1
K = N Zie/\f <Ki’t B N Zie/\/ K”) ’ ©)
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B. Problem Formulation

The optimization goal is to maximize utility (accuracy

minus imbalance) under long-term delay constraints:
1 T—1

G . : _ _
P .male_lg_looTZt:O (A — wKy) (7
R A
S.t TEIEOO T —0 T < Thax (8)
Ve, 3f, Xi[r] £ —1,i e N, t €T ©)

where w is the weighted parameter to regulate the trade-
off between accuracy and load balancing. The constraint (8)
ensures that the system delay will not exceed the delay
threshold 7,4, in the long term. The constraint (9) guarantees
that each region is detected at least once per slot.

Solving problem P& optimally requires near-future knowl-
edge of network conditions and video content. As an NP-hard
problem, PC remains difficult even with future information,
motivating the need for an online solution.

C. Algorithm design

Due to the long-term constraint, we apply Lyapunov opti-
mization to decompose P into per-slot problems [18].
1) Lyapunov Optimization: A virtual delay queue ¢(t)
tracks delay violations:
q(t + 1) = max[q(t) + (Tt — Tinaz), 0]. (10)
To describe the queue stability, we define a quadratic Lya-
punov function as L(q(t)) = %(q(t))z. Consequently, we

obtain the Lyapunov drift, i.e.,

Aq(t)) =E[L(q(t + 1)) = L(q(®)) [ ¢@)] . (AD
Considering the utility function, we introduce the Lyapunov
drift-plus-penalty:

Aq(t)) = V- E[A; — wKq|q(t)] (12)
Typically, the min-drift-plus-penalty algorithm does not di-
rectly minimize the drift-plus-penalty of each slot but instead
minimizes its upper bound [18]. As a result, we conclude the
following lemma:

Lemma 1: For ¢(t) in any slot the statement holds:

Dglt) =V -E[A K, [q)] <O+ o

q(t) - E[(Ti = Toax) [ ¢(0)] = V- E[Ar — wKy | q(t)],
where C = % (Tmax,t — Tmax)2 is a constant for all slots and
Tiax,y = maxye7{T;} denotes the maximum system delay
for all slots. The complete proof can be found in [18].
Next, we derive the one-slot optimization problem P:
PLming(t) T, -V - (A — wKy)

s.t.(13), (14).

2) Markov Approximation: It is important to note that P
is also an integer nonlinear problem, which, as such, cannot
be solved to find the optimal solution in polynomial time.
Consequently, we employ the Markov approximation [19]
method to construct a Markov Chain for iterative solution.
In the iteration process, the algorithm selects the next state
based on the change in the objective function value, expecting
the objective function value to gradually decrease during the
iterations.

(14)

Algorithm 1 Algorithm 1: Solve P¢

1: Input: ¢(0) < 0, X; is the list of N cameras.

2: Initialize Xg: All inference in local cameras.

3: for slot t =0,1,...,7T do

4 repeat

5: Randomly select a camera ¢, randomly
select a region of a frame that needs to be
detected, and offload it to a new camera j
for processing.
Then, update X} ~and X,.

6: Solve P using X, to obtain the objective
function value g.
7: Compute 7 < ——~.
_ 1+e( T )
: Xy < X} with probability 7.
9: until The iteration has reached the iteration

rounds, or the objective function value
has not significantly improved in the last

10 iterations (|g — gl < 0.01).
10: Using the optimal scheduling policy X;

1 q(t+1) =max|q(t) + (Tt — Tiax) , 0]

Algorithm 1 summarizes the solution: for each frame f
in time slot ¢, a region of camera i is randomly selected
and offloaded to a new camera j for processing, leading to
X}[f,r] = j. After obtaining new scheduling decision X;, we
calculate its objective value g. Based on this, the transition
probability 7 is computed, and a probabilistic decision is made
to determine whether to retain the new scheduling decision as
the temporary optimal solution. This process repeats until the
termination conditions are met.

VI. ABN MODULE DESIGN

After the Region Scheduler makes offloading decisions,
cameras detect assigned regions and transmit the results.
Within a single frame, detection results may come from
multiple sources, including models from different cameras
or optical flow-based tracking. As a result, objects may be
enclosed by multiple bounding boxes, as shown in Fig. 7a,
which can negatively impact detection precision. Therefore, it
is crucial to refine the bounding box selection process to retain
only the most complete and representative detections.

To address this, we introduce the ABN module, which effec-
tively filters out redundant bounding boxes crossing regional
boundaries. Unlike conventional Non-Maximum Suppression
(NMS), ABN prioritizes bounding boxes based on area, retain-
ing the largest one as it typically provides the most complete
representation. This approach eliminates redundant and less
informative boxes, improving efficiency and detection accu-
racy. As illustrated in Fig. 7b, when faced with overlapping
bounding boxes, ABN retains Box3, which better encloses
the object, while discarding Box4, which is redundant. By
leveraging area as a selection criterion, ABN mitigates the
negative impact of redundant bounding boxes, enhancing the
robustness of region-based detection.
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VII. IMPLEMENTATION AND EVALUATION

A. Implementation

Our simulation evaluates the on-device performance of our
method deployed on COTS hardware, including one edge
server (NVIDIA RTX 3090 GPU, typical power consumption
350 W) and four edge devices (each with an NVIDIA Jetson
Nano BOI1, typical power consumption 10-15 W). Network
bandwidths are independently configured between devices in
the range of 16-80 Mbps [20], reflecting edge-computing
scenarios: lower bandwidth for the edge server (16 Mbps),
and higher bandwidth for cameras (80 Mbps) to compensate
for their limited compute power. The Region Scheduler runs
on a controller (Python 3.8, NVIDIA MX230 GPU) at 130 ms
per 1-second slot. YOLOVSI is deployed on the edge server,
while YOLOv8m/s/n and YOLOvV5nu run on CAM 1-4, all
equipped with optical flow trackers.

Following prior work, system parameters are precomputed
and stored in a lookup table. Constants such as R;, M,, My,
and « are fixed in advance, while s; 57, So, a;, and ag are
estimated offline. The tracking drift factor ¢, is periodically
updated during experiments by comparing detection and track-
ing results across frames. Detection threshold () and padding
ratio are adjusted online via lightweight heuristics.

B. Dataset and Baselines

Dataset: We evaluate our system on two datasets. The
first includes four 720p, 25 FPS surveillance videos from
YouTube [17], [21]-[23], covering diverse road conditions. We
evaluate on synchronized 5-minute segments, using YOLOv8x
detection results as the ground truth. The second is the Al
City Challenge dataset [15], which captures real-world traffic
scenes in a North American city. It contains 1955 synchronized
frames per camera at 1080p and 10 FPS, with deployments
spanning long roads and complex intersections.

Baselines: We compare ReMO with the five baselines:

o Bandwidth-Prior (BP): Offloads excess workload to the
camera with the highest available bandwidth.

o Model-Prior (MP): Assigns regions exhibiting maximal
inter-frame flag variation (i.e., detection necessity) to
devices hosting the best models.

o Offload-Frame (OF): Omits frame partitioning and di-
rectly applies the same scheduling algorithm to offload
entire frames, detaching the Region Generator.

o ELF: [11] Predicts ROIs using a lightweight recurrent
module and distributes detection tasks across edge servers
based on previous latency. For fair comparison, we con-
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figure ELF’s load-balancing mechanism for camera-to-
camera offloading.

o EHCI: [14] A non-DBT approach that expands previous-
frame bounding boxes with padding to form ROIs, which
are offloaded to the edge server for throughput maximiza-
tion under latency constraints. We evaluate accuracy and
latency under identical conditions.

C. Baselines Comparison

Accuracy and Latency: As shown in Fig. 8, ReMO
not only achieves superior accuracy (0.579), outperforming
Bandwidth-Prior (0.552) and ELF (0.561), but also attains the
lowest latency (0.66s) among all methods. The heuristic-based
Bandwidth-Prior lacks adaptability to network and content
dynamics, while ELF’s backward-looking allocation strategy
yields even poorer performance. Compared to Offload-Frame
(0.799s), ReMO reduces latency by 17.4% with a 0.02 ac-
curacy increase, validating that partitioning frames into re-
gions effectively minimizes delays while improving accuracy.
Model-Prior maximizes accuracy (0.588) by always selecting
the highest-accuracy models, but incurs high latency (0.896s).
In contrast, ReMO reduces this delay by 26.3% with only
1.5% accuracy degradation, achieving better balance between
both metrics. These results confirm ReMO’s ability to balance
high accuracy with real-time performance through adaptive
scheduling.

As illustrated in Fig. 10, under the same full-frame inference
interval (e.g., 25 frames), ReMO achieves a 1.2% higher
Fl-score (0.579 vs. 0.572) and reduces latency by 26.0%
(0.681s vs. 0.92s) compared to EHCI. This improvement stems
from ReMO’s region-based detection, which avoids object
loss common in EHCI’s method of expanding ROIs from
previous frames. Moreover, while EHCI’s centralized strategy
introduces high transmission overhead for region aggregation,
ReMO’s peer-to-peer paradigm ensures full scene coverage
with low-latency localized processing.

Energy Consumption: As shown in Fig. 9a, ReMO demon-
strates competitive energy efficiency while maintaining accu-
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racy. Although Offload-Frame achieves the lowest consump-
tion by sacrificing accuracy through full-frame processing,
ReMO reduces energy usage by 1.5% compared to Bandwidth-
Prior , 6.5% versus Model-Prior, and 3.0% relative to ELF.
This balanced performance stems from ReMO’s dynamic
workload distribution and intelligent device utilization. In
contrast, Bandwidth-Prior and ELF exhibit suboptimal energy
efficiency due to their limited adaptability, while Model-Prior’s
accuracy-first approach results in 6.9% higher consumption
than ReMO. These results highlight ReMO’s ability to opti-
mize the accuracy-efficiency trade-off.

Load Balancing Effect: As shown in Fig. 9b, in Offload-
Frame, since all devices perform full-frame detection, the total
workload is the highest, though individual device loads remain
relatively balanced. ReMO ensures fair workload distribution
based on device capabilities to minimize system latency, but
unlike ELF—which enforces an overly uniform (yet subop-
timal) offloading. In contrast, Model-Prior and Bandwidth-
Prior exhibit poor load balancing, as they overburden either
the most computationally capable device (Model-Prior) or
the one with the best bandwidth (Bandwidth-Prior). This
uneven distribution increases overall latency, further validating
ReMO’s superiority in workload scheduling.

D. Exploring the Impact of Parameters

Delay Threshold 7,,,,: As depicted in Fig. 11, it is
observed that as the delay queue backlog increases (solid
line), the detection threshold @ rises gradually (dashed line),
reducing the number of regions requiring detection until both
the queue backlog and Q eventually stabilize. The figure also
reveals that increasing 7,,, yields three key effects: (1) the
queuing delay stabilizes earlier, (2) the maximum queue length
decreases, and (3) accuracy improves proportionally (gaining
0.012-0.016 per 0.1s T},,4, increment). These results confirm
that properly configured T),,, parameters can effectively
balance latency increases and accuracy gains.

Parameters V' and w: As illustrated in Fig. 12, the
parameter V' controls the latency-utility trade-off. Increasing
V (from 0.65 to 0.72) leads to higher latency but yields a more
utility-optimized scheduling policy, while decreasing V' favors
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low-latency operation. Accuracy remains largely unaffected by
V, as it is primarily determined by the detection threshold
@, which decides whether a region is inferred. Meanwhile,
the parameter w governs the accuracy—load balancing trade-
off: larger w improves load balancing (reducing K by ~30%)
with only minor accuracy changes, again due to the dominant
influence of Q). Hence, appropriate tuning of V' and w enables
the system to adapt to varying application requirements.

Hyperparameter 7: Fig. 13 presents the convergence curve
for iteratively searching for the optimal solution. When 7 is
relatively small (e.g., 7=0.02), convergence occurs within 23
iterations, reaching -0.53. Conversely, for a larger 7 (e.g., 7
= 0.2), convergence requires over 90 iterations but achieves a
lower value of -0.57. Smaller 7 speeds convergence; larger T
avoids suboptimal solutions. Here, a moderate value of 7 =
0.1 is chosen to strike a balance between exploration capability
and accelerated convergence.

E. Analysis of Scalability

As shown in Fig. 14, camera scalability experiments
(4/8/12/16 cameras) reveal ReMO’s consistent latency advan-
tage, with only a modest 0.1s increase (from 0.68s to 0.78s) as
the number of cameras scales up. In contrast, other methods
suffer more pronounced degradation: Model-Prior incurs a
dramatic 4.07s increase (from 0.93s to 5.0s), Bandwidth-Prior
rises by 0.55s (0.86s to 1.41s), while ELF and Offload-Frame
see increases of 0.15s (0.79s to 0.94s) and 0.35s (0.86s to
1.21s), respectively. At 16 cameras, ReMO maintains the
lowest latency (0.78s), achieving 6.25x better scalability than
Model-Prior and 1.75x better than Bandwidth-Prior. These
results demonstrate ReMO’s superior ability to scale with
minimal performance degradation, making it well-suited for
large-scale deployments.

VIII. RELATED WORK

Spatial Redundancy Within Frames: EVA [10] uploads
bounding boxes, rather than entire frames, as the basic trans-
mission elements for server processing. EIf [11] employs
a recurrent region proposal prediction algorithm to identify
object candidate regions and segment video frames for detec-
tion. MRLL [24] finds optimal ROIs without user input by
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analyzing confidence scores from a chosen Machine Learning
(ML) object detector. ROI-DVC [25], an ROI-based video
coding network, integrates an ROI perception strategy into
both the training and inference processes. While RegenHance
[26] also relies on prediction, it specifically addresses the
computational bottleneck by proposing a macroblock-based
region importance predictor that uses a segmentation model.
However, these studies generate the Rols based on time-
consuming predicting methods, making them impractical for
deployment in resource-limited edge environments.

Adaptive Load Balancing: CrossVision [9] adaptively
balances workloads among intelligent camera networks to
reduce latency. Distream [13] adapts to workload dynamics,
achieving low latency, high throughput, and scalability in
real-time video analytics, while balancing workloads between
intelligent cameras and edge clusters. WMA [27] achieves
workload balancing through a two-stage resource allocation
strategy. VideoJam [28] employs a set of load balancers to
dynamically distribute incoming video traffic across replicas
without centralized coordination, independently adapting to
various system configurations and camera setups to handle
load variations. However, these studies do not comprehen-
sively consider changes in video content and fluctuations in
network bandwidth when making scheduling decisions.

IX. CONCLUSION

This paper investigates fine-grained workload balancing
through region-based offloading for collaborative video infer-
ence at the edge. We presents ReMO, an online scheduling
framework for fine-grained region-based offloading in collab-
orative edge video inference. By leveraging static region par-
titioning, ReMO reduces transmission overhead and improves
workload balance. Experiments show ReMO reduces latency
by 9.3-26.3% over state-of-the-art methods.

It is crucial to acknowledge the work’s limitations. Specif-
ically, this work focuses on static cameras. Extending region
partitioning to dynamic camera scenarios remains future work.
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