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Abstract—With the rise of applications such as facial recogni-
tion and intelligent monitoring, demand for video object detection
has surged. To optimize detection performance, existing works
primarily focus on either video transmission or processing inde-
pendently, often overlooking small object detection, which is par-
ticularly difficult for resource-limited terminals. To address these
limitations, we propose a solution that leverages edge servers
to assist video object detection, enabling real-time and high-
precision performance under resource constraints. We introduce
Adaptive-EVOD, the first edge-assisted video detection system
that optimizes communication and computation simultaneously
through adaptive resolution and frame rate adjustment, resource
allocation, and model selection strategies, with a particular
emphasis on small object detection. Specifically, Adaptive-EVOD
introduces three core innovations: (1) proposing a detection
strategy for small objects to enhance precision; (2) employing
deep reinforcement learning to dynamically determine detection
location, resolution, and frame rate based on heterogeneous
environments; and (3) applying Bayesian optimization to dynam-
ically allocate GPU resources and select Low-Rank Adaptation
(LoRA) ranks for detection models adaptively. Experiments on
a real-world testbed show that Adaptive-EVOD reduces end-to-
end latency by 5.7%–18.3% and improves detection accuracy
by 7.8%–23.4% compared to state-of-the-art methods, which
highlights the effectiveness of Adaptive-EVOD, particularly in
complex and resource-constrained edge scenarios.

Index Terms—Video object detection, edge computing, joint
optimization, deep reinforcement learning.

I. INTRODUCTION

As the integration of smart internet of things, multimedia
systems and edge computing technique, edge-assisted video
object detection has garnered increasing attention from re-
searchers recently [1]. By processing videos on both terminal
and edge servers, this approach achieves superior performance
compared to local detection methods only on terminal device,
because the rich computational and storage resources at the
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Fig. 1: Edge-assisted video object detection architecture.

edge enable the deployment of high-precision deep neural
network (DNN) models with vast parameters, e.g., YOLOv5x
with 86M parameters. In contrast to methods reliant on remote
cloud centers, edge servers, being in closer proximity to the
data source, can significantly diminish time costs and privacy
leakage risks associated with video transmission [2], [3].
Consequently, edge-assisted video object detection is pivotal
across various domains, particularly for time/privacy-sensitive
applications such as intelligent surveillance [4], autonomous
driving [5], and object tracking [6].

Due to its significance, multiple studies have been con-
ducted on this research topic. Yet, there are still with two main
concerns. The first concern is that existing studies primarily
focus on either video transmission or video processing as
isolated stages, lacking a comprehensive consideration and co-
design on both. For example, the strategies in [7]–[10] reduce
transmission latency through bitrate adaptation, while others
employ techniques such as super-resolution enhancement and
resource allocation during the video processing stage to im-
prove video detection quality [11]–[13]. However, video object
detection on the edge inherently involves both transmission
and processing stages, where key decision factors, such as
resolution and frame rate, simultaneously affect both stages.
Therefore, improving only one stage is insufficient to achieve
optimal overall system performance, highlighting the necessity
of jointly optimizing both stages. The second concern lies
in the limited capability of existing methods to enhance the
detection accuracy of small objects in video streams. As video
frames with a high proportion of small objects are common
in practical applications [13], [14], this limitation results in an
approximate 44% degradation in overall detection accuracy
reported by [15].

To address the above issues, this paper proposes Adaptive-
EVOD, an Edge-assisted Video Object Detection system with
Adaptive resolution and frame rate adjustment, resource allo-



2

cation, and model selection, which performs joint optimization
across the transmission and processing stages, with special
consideration for small object detection. As illustrated in
Fig. 1, we consider an edge network consisting of multiple
heterogeneous terminal devices and an edge-based server. Ter-
minal devices capture various types of videos. Heterogeneous
machine learning models are deployed on the terminal devices
and edge server for video object detection. The edge server
performs centralized decision making to determine whether
each video frame should be processed locally or uploaded to
the edge server for detection. If video frames are uploaded
to the edge server, the system can strategically select their
resolutions, detection models, and resource amounts allocated
for the detection tasks performed on the edge, achieving
the joint optimization over communication and computation.
The edge server will then return the results to the terminal
devices once their detection tasks are completed. Intuitively,
this joint optimization balances the trade-offs between latency
and accuracy across video transmission and processing stages:
a higher resolution in the processing stage, which typically
involves using DNN model inferences, can improve detection
accuracy but incurs greater latency in the transmission stage;
while detection models with smaller parameters reduce com-
putational latency at the cost of decreased accuracy. Moreover,
due to the dynamic variations in bandwidth and other resource
conditions in mobile edge computing scenarios, resource con-
figurations have uncertain impacts on latency and accuracy.
The edge server should learn the relationship between resource
configuration and system performance, e.g., by leveraging
historical configuration and performance data. Based on this
relationship, the system can periodically adjust resource and
model configurations to achieve optimal detection performance
under time-varying conditions such as bandwidth and model
workload. This intuition drives the design of Adaptive-EVOD
for real-time, high-precision video object detection, thereby
enhancing overall Quality of Service (QoS)*.

To realize Adaptive-EVOD, the first challenge is to achieve
adaptive joint optimization across video transmission and
processing stages. As demonstrated in Section II, factors such
as resolution and frame rate in the video transmission stage,
along with model selection and resource allocation in the video
processing stage, simultaneously impact the overall accuracy-
delay trade-off. Besides, the balance point varies under dif-
ferent bandwidths and video types. Traditional methods, such
as combinatorial optimization or linear programming, struggle
to grasp the intricate and interdependent relationships among
these variables, to find the optimal solution, particularly in
heterogeneous and dynamic environments. In Adaptive-EVOD,
we employ the Advantage Actor-Critic (A2C) algorithm to
train a Deep Reinforcement Learning agent, named DRL-
A, to adaptively optimize detection decisions for each video
frame captured by the terminal devices, including selecting
the processing location (terminal or edge), resolution, and
detection model. Moreover, at each time epoch, an online
Bayesian optimization algorithm is employed to select the

*QoS: a measure of performance including latency and detection accuracy
in edge-assisted video object detection systems.

optimal GPU type and the Low-Rank Adaptation (LoRA)
matrix rank for each deployed detection model, according to
the current and historical information of the edge server. For
example, if a detection model receives a large number of video
frames in a short period, we should adaptively assign stronger
GPUs to the high-load model and lowering its LoRA rank
to reduce the time-cost of video detection on each frame. By
integrating these two optimization strategies, Adaptive-EVOD
learns the optimal solution in a complex decision space.

The second challenge of Adaptive-EVOD arises from band-
width limitations. Transmitting all frames containing small
objects to the edge server for detection introduces significant
communication delays [16], [17], thereby adversely affecting
real-time performance. This necessitates a trade-off between
transmission efficiency and detection accuracy when deciding
whether to offload a video frame containing small objects to
the edge server for high-precision detection. To address this,
we propose a small object detection strategy (see Section III-
A) that determines the detection thresholds for different types
of small objects and incorporates them as part of the state
space in our DRL-A module. This strategy serves as a feature
extractor that enables DRL-A to adaptively optimize detection
decisions for small objects, thereby improving the performance
of Adaptive-EVOD on real-time small object detection.

The key contributions of Adaptive-EVOD are as follows:
1) We leverage the A2C algorithm to train a DRL agent

capable of capturing the complex non-linear dependen-
cies between dynamic environmental factors and the
system’s objective function. This facilitates the adaptive
and joint optimization of detection placement, resolu-
tion, frame rate, and model selection for heterogeneous
video streams. Such fine-grained, frame-level collabora-
tive decision-making significantly enhances the system’s
global QoS.

2) An online Bayesian optimization algorithm is designed
to determine the optimal GPU type and LoRA rank
for each deployed detection model through historical
information, dynamically optimizing resource allocation
on edge server at each time epoch. This enables the effi-
cient and dynamic adaptation of computational resources
to varying video types and workload demands, thereby
improving overall system performance.

3) A small object detection strategy is proposed to deter-
mine detection thresholds for different types of small
objects. Based on these thresholds, the number of small
objects in the current frame can be estimated, and frames
with a high proportion of small objects are transmitted
to the edge for high-precision detection.

Extensive real-world data-driven experiments are conducted
with necessary ablation studies and comparisons to state-of-
the-art methods, in which Adaptive-EVOD reduces end-to-end
latency by 5.7%-18.3% and improves detection accuracy by
7.8%-23.4%.

The remainder of this paper is organized as follows. Sec-
tion II presents the motivating experiments. Section III in-
troduces the system model and main modules. Section IV
formulates the optimization problem. Section V presents the
proposed joint optimization strategy based on deep reinforce-
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Fig. 3: The detection results for different types and configurations of videos using different models.
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Fig. 2: An example of different video types.

ment learning and Bayesian optimization. Section VI evaluates
the system performance. Section VII reviews related work, and
Section IX concludes the paper.

II. EMPIRICAL OBSERVATIONS AND MOTIVATION

In this section, we present three key experimental obser-
vations that directly motivate our work. Observation 1: The
relationships between decision variables (such as video type,
resolution, frame rate, and detection model) and detection
performance are complex and highly nonlinear. Observation
2: The transmission and processing stages are tightly coupled;
optimizing them separately can lead to suboptimal results.
Observation 3: The object size required to achieve a 95% recall
rate varies across different object types.

Setup. We employ YOLOv5 model (YOLOv5x) to perform
object detection on two distinct types of videos. As illustrated
in Fig. 2, the first type captures pedestrians moving at low
speeds [18], while the second captures high-speed moving
vehicles [19]. To evaluate system performance, a weighted sum
of accuracy and latency (as detailed in Section IV) is used as
the evaluation metric, with video frame resolution, frame rate,
and other relevant parameters as decision variables.

Observation 1. Fig. 3 presents the detection results using
different models on various types of videos. As shown in
Fig. 3(a) and (b), using the YOLOv5x model, detecting
on videos 1 and 2 achieve their best accuracy-delay trade-
off at (896p, 20 f ps) and (768p, 30 f ps), respectively. This
discrepancy arises from the fact that objects in video 1 are
relatively smaller in scale compared to those in video 2, mak-
ing resolution a more critical factor in detection performance.
Additionally, due to the slower movement of objects in video
1, frame rate has a less pronounced impact on detection per-
formance than in video 2. Fig. 3(a) and (b) demonstrates that
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Fig. 4: Detection thresholds for different objects types.

the impact of decision variables (e.g., video type, resolution,
frame rate, and detection model) on detection performance is
complex and nonlinear. Therefore, traditional methods struggle
to adaptively determine the optimal configuration for video
processing, highlighting the necessity of intelligent and
adaptive decision making.

Observation 2. In Fig. 3(c), the setup of processing stage is
fixed to YOLOv5x (with 86M parameters), a high-accuracy,
high-latency model, and only the transmission is optimized.
The results show that under heavy system load, although
strategies like resolution optimization improve system per-
formance, the gain is offset by the long inference time of
high-accuracy models. This confirms that improvements in one
stage can be negated by limitations in the other. Therefore,
optimizing them separately leads to suboptimal outcomes,
making joint optimization essential.

Observation 3. To enhance the detection accuracy of small
objects, it is necessary to establish detection thresholds that
determine whether a given frame should be transmitted to
the edge server for further processing. Fig. 4 illustrates the
detection thresholds for different types of small objects under
the same detection model. It can be observed that the pixel
threshold required for accurate detection (defined as a recall
rate exceeding 95%) varies across object types. For instance,
pedestrian objects with a pixel size of 1800 per frame achieve
nearly 100% recall, whereas vehicles of the same pixel size
exhibit a recall rate of less than 35%. Therefore, setting object-
specific detection thresholds enables adaptive selection of the
detection location, thereby improving the accuracy of small
object detection.
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III. SYSTEM DESIGN

We propose an edge-assisted video analysis system consist-
ing of multiple terminal devices D = {D1,D2, . . . ,DP} and an
edge server E. The system allows that the object detection task
for each frame of video can be executed on either the terminal
device or the edge server. Intuitively, the limited computational
resources of terminal devices restrict them to lightweight
object detection models, which often perform poorly on com-
plex videos containing small objects. In contrast, the edge
server’s greater computational capabilities allows it to employ
larger object detection models, thereby improving detection
accuracy. However, transmitting video frames to the edge
server inevitably introduces additional transmission latency.
Therefore, to enhance detection accuracy and reduce end-to-
end latency, the system selects the resolution and processing
location for each frame, and periodically adjusts the model
type and resources for object detection. TABLE I presents the
key symbols that will be used throughout this paper.

TABLE I: Table of Main Notations.

Notation Description

D = {D1, . . . ,DP} The set of terminal devices
E The edge server
χt The set of video frames in epoch t
f The video frame index
θ f ,∆ f Number of small objects and frame difference of f
ϖt Available network bandwidth at epoch t
qt Queuing status/lengths of detection models at epoch t
X f ,t Offloading decision (1 if to edge, 0 if local)
R f Resolution level of video frame f
m f Detection model selected for frame f
α Weight factor for latency-accuracy trade-off
L

R f
f ,t End-to-end latency of frame f at resolution R f

IoU f ,t Detection accuracy (IoU) of frame f at epoch t
At Average object detection accuracy at epoch t
Lt Total system latency at epoch t
ϕt , gt LoRA rank and GPU allocation for detection models
zt Action-context pair (at , ct) for Bayesian optimization
yt Observed reward at epoch t
kz(z, z′) Squared exponential kernel function
σ2 Observation noise variance of the reward function
βt UCB acquisition function exploration parameter

Fig. 5 shows an overview of our edge-assisted video analysis
system. 1⃝ The terminal devices process the captured video
frames through a feature extractor to generate feature data of
small object judgment for each frame, containing the number
of small objects and the frame difference compared to the
previous frame. These feature data are then transmitted to a
request scheduler on the edge server, where a pre-trained
DRL-A model dynamically determines the location and reso-
lution decisions (a.k.a. actions) based on the system’s state.
2⃝ Then, an offloading controller on the terminal device

extracts the corresponding video frames based on received
decisions and forwards them to the resolution adjuster for
resolution optimization. 3⃝ The video frames are then en-
coded using the High Efficiency Video Coding (HEVC, a.k.a.
H.265) codec and transmitted to the edge server for decoding.
4⃝ The object detector on the edge server performs object

detection on the decoded video frames and transmits the
system state information to the request scheduler to guide
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subsequent decision making processes. 5⃝ Simultaneously,
the edge server transmits the detection results back to the
terminal device, where they are integrated with locally de-
tected video frames to complete the object detection for all
video frames. 6⃝ Finally, the model adapter and resource
scheduler update the GPU resource allocation and the rank
parameters of LoRA for each object detection service in the
next time epoch.

A. Feature Extractor

The system performs object detection over a series of
epochs T = {1, . . . ,T }, with each epoch having a fixed
duration, e.g., 1 second. We define χt as the set of frames
within each epoch. The frames in χt are then input into the
feature extractor, where frame differences are computed using
ffmpeg, and the number of small objects in each frame is
obtained using a lightweight object detection model.

The detection of small objects is defined as follows: An
object is considered a small object if (1) the feature extractor
on the terminal device fails to classify the object into any
category (or reports low confidence scores), and (2) the object
detector on the edge server classifies the object into a specific
category (or reports high confidence scores). In practice, we
employ a category-specific size threshold δk to determine
whether an object of type k is considered small. Formally, δk is
defined as the minimum bounding box pixel area at which the
local lightweight model (e.g., YOLOv5s) can reliably achieve
a recall rate above a predefined threshold, e.g., 95% in our
experiments. This threshold is empirically tuned using a vali-
dation dataset with high-quality ground-truth labels established
by a large-scale model and manual verification. Since different
object types exhibit distinct visual complexities and feature
densities, these adaptive thresholds avoid a one-size-fits-all
heuristic, with distinct optimal thresholds for different object
types as derived from the method in Observation 3. If the
object size is smaller than δk, the lightweight detector may
fail to detect it reliably, and the corresponding video frame
is more likely to be transmitted to the edge server at a high
resolution for detection. Otherwise, the object is detected by
the lightweight model on the terminal device. Let X f ,t = 1
denote that frame f is transmitted at high resolution to the
edge server in epoch t; otherwise, X f ,t = 0.
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The feature extractor retains the detection results of frames
that do not require upload to the edge server and uses them
as the final object detection results for those frames.

B. Offloading Controller & Resolution Adjuster

Upon receiving the decision actions, the offloading con-
troller extracts the video frames that need to be uploaded.
These selected frames are then forwarded to the resolution
adjuster for resolution optimization. Preliminary experiments
indicate that, under limited bandwidth resources, increasing
the resolution of video frames can enhance the accuracy of
small object detection but also incurs higher transmission
latency. Therefore, selecting an appropriate resolution level
enables a balanced trade-off between latency and accuracy.
We define R f as the resolution level of video frame f .

C. Request Scheduler

The request scheduler is one of the core components of the
entire system. In the request scheduler, a DRL-A is trained
to receive feature data from the feature extractor, including
the number of objects per frame, video type, and frame
differences. By incorporating edge server information (such
as available bandwidth, detection model performance, and
current workload), the DRL-A jointly optimizes the video
transmission and object detection to determine the optimal
offloading decision for each video frame. For example, when
bandwidth is sufficient, frames containing a large number
of small objects and large inter-frame differences should be
offloaded to the edge server and processed using the detection
model with the highest LoRA rank, in order to maximize
detection accuracy.

D. Object Detector

As shown in Fig. 5, the object detector is equipped with
N detection models M = {m1,m2, ...,mN}. Due to differences
in GPU allocation and LoRA ranks across these models,
their processing capabilities vary. Models with higher GPU
allocations achieve faster processing speeds, while higher
LoRA ranks improve detection accuracy at the cost of reduced
processing speed. The request scheduler dynamically adapts
the selection of detection models for subsequent frames based
on the waiting queues of each model. For example, if the queue
for model m1 becomes overloaded, the request scheduler can
guide subsequent frames to be offloaded to other idle models.

E. Model Adapter & Resource Scheduler

The model adapter and resource scheduler constitute another
core component of the system. The model adapter determines
the LoRA rank adopted by each detection model. LoRA
fine-tuning introduces low-rank adapter layers into the object
detection models, enabling efficient fine-tuning with minimal
parameter adjustments and resource consumption, while pre-
serving detection performance. It is worth noting that, unlike
the standard LoRA implementation where adapter weights are
merged into the backbone (W ′ = W0 + BA) to eliminate infer-
ence latency, Adaptive-EVOD adopts an unmerged deployment

strategy. This design is essential for our edge-assisted sys-
tem to support multiple devices, allowing real-time switching
of fine-tuned models across different video streams without
reloading the massive backbone weights. In this setting, the
inference process is formulated as y = W0x+B(Ax), where the
frozen backbone W0 and the adapter branch BA are computed
separately. Since the computational complexity of the adapter
branch is linearly proportional to the rank r, the LoRA rank
effectively serves as a tunable knob for resource management.
By dynamically adjusting r, the system can explicitly trade
off minor computational overhead for higher accuracy (high
r) or minimize latency under heavy loads (low r), thereby
addressing the limitation of fixed inference costs in merged
models.

The resource scheduler dynamically allocates a certain
number of GPU devices to each model, enhancing the overall
detection throughput. Unlike the request scheduler, which
makes per-frame decisions, the model adapter and resource
scheduler operate on a per-epoch basis. To achieve optimal
configurations of LoRA ranks and GPU allocations for each
epoch, we design a Bayesian optimization algorithm to obtain
the best solution with a limited number of sampling points.

IV. PROBLEM FORMULATION

To evaluate our system, we consider two metrics: latency
and accuracy. The formal definitions of these metrics are
provided below.

A. System Delay

The latency of each frame consists of two components:
data transmission latency and object detection latency. If video
frame f is processed locally on the terminal device (X f ,t = 0),
no data transmission latency is incurred, and the processing
latency on the lightweight object detection model is denoted
by d f ,t. If video frame f is uploaded to the edge server in
epoch t (X f ,t = 1) with resolution R f , the transmission latency
can then be computed as:

DR f

f ,t = S R f

f ,t/Bt, (1)

where S r
f ,t denotes the data size of video frame f at resolution

R f , and Bt represents the network bandwidth of the system
in epoch t. Given the presence of multiple object detection
models on the edge server, we introduce IR f ,m f

f ,t to represent
the object detection latency of video frame f with resolution
R f on detection model m f . Therefore, the latency for each
frame can be expressed as:

LR f

f ,t = (1 − X f ,t) × d f ,t + X f ,t × (DR f

f ,t + IR f ,m f

f ,t ). (2)

The total latency for all frames in epoch t can be expressed
as the sum of the latency for each individual frame, i.e.

Lt =
∑

f∈χt
LR f

f ,t . (3)



6

B. Detection Accuracy

We use the Intersection over Union (IoU) metric to measure
the object detection accuracy of video frame f [13]. This
metric is determined by the overlap area between the predicted
bounding box and the ground-truth bounding box, defined as:

IoUo =
|BBox(o) ∩ BBox(g)|
|BBox(o) ∪ BBox(g)|

, (4)

where BBox(o) represents the bounding box of object o ob-
tained by the system, and BBox(g) denotes the corresponding
ground-truth bounding box. It is worth noting that video frame
f contains multiple objects, therefore, the detection accuracy
IoU f ,t of frame f is defined as the average IoU of all objects
in f . We define the object detection accuracy of the system
as the average detection accuracy of all frames in epoch t,
expressed as:

At =
∑

f∈χt
IoU f ,t/K, (5)

where K represents the number of video frames in epoch t.

C. Optimization Problem

The analysis of real-time video is latency-sensitive and typ-
ically requires high-quality results. Therefore, our objective is
to achieve an optimal trade-off between latency and accuracy,
i.e., the maximization of the weighted sum of the total system
accuracy and the negative total latency, formulated as:

max
X f ,t ,R f ,mi

∑T

t=1
αAt − (1 − α)Lt (6)

s.t. X f ,t ∈ {0, 1} , ∀ f ∈ χt, t ∈ T , (7)

LR f

f ,t ≤ L f ,t, ∀ f ∈ χt, t ∈ T , (8)

IoU f ,t ≥ O f ,t, ∀ f ∈ χt, t ∈ T , (9)

where weight factor α represents the latency accuracy trade-
off, e.g., a larger α shows that the system prioritizes higher
accuracy. In practical terms, system administrators determine
α based on the specific latency-criticality of their task. Con-
straint (7) indicates each frame f should be processed by
terminal device or edge server. Constraint (8) ensures that the
latency of video frame f should not exceed the maximum
delay limit L f ,t. Constraint (9) requires that the accuracy of
frame f cannot be lower than the minimum accuracy limit
O f ,t. To solve this problem with combinatorial optimization
or linear programming, the functional relationship between
decision variables (such as resolution, model resources, etc.)
and performance should be known in advance. However, as
illustrated in our motivation section, this functional relation-
ship is complex and various for different types of videos.
In addition, edge environment such as network bandwidth
and processing latency for each frame cannot be obtained in
advance, making it hard to find the optimal solution. In the
following section, we introduce Adaptive-EVOD that combines
deep reinforcement learning and Bayesian optimization, to
learn the intrinsic relationship between decision variables and
performance indicators based on the system’s operating results,
and obtains the optimal solution.

V. ALGORITHM DESIGN FOR Adaptive-EVOD
In this section, we first introduce DRL-A, which makes

fine-grained decisions,the detection location, resolution, and
model selection, for each frame, running within the request
scheduler. Next, we detail our Bayesian optimization algorithm
that adjusts model size and resources between epochs, running
within the model adapter and resource scheduler. Together,
these two algorithms optimize system performance in a bi-
level manner, effectively improving the system’s QoS. The
pseudocode is shown in Algorithm 1.

Algorithm 1 Edge-assisted Video Analysis Algorithm

Input: Deep reinforcement learning’s state space S and
action space A, Bayesian optimization’s action space D,
historical reward set M0 = ∅, weight factor α, GP Prior
µ0, σ0.

1: for t = 1, 2, . . . , T do
2: at = argmax

at∈D

µt−1(zt) + β
1
2
t σt−1(zt);

3: Adjust the rank of LoRA and GPU allocation for each
detection model based on at+1;

4: for f ∈ χt do
5: DRL-A determines frame f ’s action (X f ,R f ,m f ) ;
6: if X f = 1 then
7: Perform object detection on frame f at the edge

server;
8: else
9: Perform object detection on frame f at the termi-

nal;
10: end if
11: end for
12: Compute reward yt based on (6);
13: Update Mt = {Mt−1, (zt, yt)};
14: for at ∈ A do
15: Observe context ct;
16: Update µt, kt, σt based on (14);
17: end for
18: end for

A. Deep Reinforcement Learning Agent
We formulate the single-frame decision problem as a

Markov Decision Process (MDP) [20], represented by a four-
tuple < S,A,P,R >. S denotes the state space, A denotes the
action space, P denotes the state transition probability, and R
denotes the reward function. We define the parameters of the
MDP as follows:

1) State: The system state consists of terminal-side features
and edge-side metrics. The terminal-side features include the
number of objects θ and the inter-frame pixel difference ∆,
which reflect the visual complexity and temporal dynamics of
the current video stream. The edge-side metrics include the
available bandwidth ϖ and the queue lengths of the deployed
detection models q. Specifically, the terminal device utilizes
a lightweight detection model to extract θ and ∆, while the
edge server monitors the current bandwidth and model queuing
status. These components collectively form the system state
S = (θ1,∆1, θ2,∆2, . . . , θP,∆P, ϖ, q1, q2, . . . , qN).
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2) Action: The action for each frame consists of three
components: detection location ω, resolution R f , and model
selection m f , denoted as A = (ω,R f ,m f ). For example, an ac-
tion A = (0, 0, 0) indicates that the current frame is detected at
the terminal device, without the need of resolution adjustment
or model selection. In contrast, an action A = (1, 1080, 3)
signifies that the current frame should be be transmitted at a
resolution of 1080p to detection model 3 for processing.

3) Reward: Since the objective of the request scheduler is
to optimize the overall coordination of the edge-assisted video
detection system to maximize service quality, the reward func-
tion should consider two key factors: the detection accuracy
of all frames within the current time epoch and the latency
required to obtain the detection results. Although latency is
formulated as a hard constraint in our optimization problem
(i.e., LR f

f ,t ≤ L f ,t), enforcing a strict step-function penalty
in the DRL training process creates a discontinuous reward
landscape, which can lead to severe policy oscillation and non-
convergence. Instead, we formulate the latency penalty as a
linear combination (i.e., a soft penalty). This design provides
a smooth, dense gradient signal to guide the agent toward
the Pareto optimal front of accuracy and latency, while hard
constraints (e.g., skipping frames that exceed the deadline) can
still be enforced during practical system execution. Our goal
is to maximize detection accuracy while minimizing latency
as much as possible. Therefore, the reward function for each
time epoch is defined as follows:

rt = αAt − (1 − α)Lt. (10)

Training Algorithm and Network Architecture: The objec-
tive of the agent is to maximize the expected cumulative return
Rt =

∑T
i=t γ

i−tri, where γ is the discount factor. To achieve this,
we employ the Advantage Actor-Critic (A2C) algorithm,
which improves training stability through a synchronous,
deterministic actor-critic framework. The agent comprises a
shared feature extractor parameterized by ψ, which feeds into
two separate heads: the Actor network πθ(at |st) and the Critic
network Vϕ(st).

Specifically, the input state st is first processed by the shared
layers (typically fully connected layers with ReLU activation)
to obtain a latent representation ht = fψ(st). The two heads
then compute their outputs as:

πθ(at |st) = Softmax(Wθht + bθ), Vϕ(st) = Wϕht + bϕ, (11)

where θ and ϕ denote the specific parameters for the actor and
critic branches, respectively.

To reduce the variance of the policy gradient, the Critic
estimates the Advantage function At using the Temporal Dif-
ference (TD) error:

At = rt + γVϕ(st+1) − Vϕ(st). (12)

The overall optimization objective is to minimize the total
loss Ltotal, composed of policy loss, value loss, and entropy
regularization:

Ltotal = − log πθ(at |st)At︸              ︷︷              ︸
Policy Loss

+λv
1
2

A2
t︸︷︷︸

Value Loss

−λe H(πθ(·|st))︸      ︷︷      ︸
Entropy

, (13)

where λv and λe are weighting coefficients, and H(·) represents
the entropy.

In our implementation, the DRL-A agent is trained offline
using collected video traces and measured edge-network con-
ditions. During online deployment, the trained actor network
is fixed and directly used for real-time per-frame decision
making, while no online gradient update is performed to avoid
additional training overhead and instability.

B. Bayesian Optimization Algorithm

Since the system operates in a batch processing manner,
adjusting model size and resource allocation for individual
frames is not appropriate. The selection of LoRA rank and
GPU resource allocation for the detection model is modeled
as a contextual multi-armed bandit (MAB) problem [21], [22].
At the beginning of epoch t, the policy agent considers the
current contextual information ct = (At−1, Lt−1), which guides
the generation of a new action at = (φ1

t , · · · , φ
N
t , g

1
t , · · · , g

N
t ),

where φi
t and gi

t denote the LoRA rank and GPU allocation
of the i-th detection model, respectively. During epoch t,
the system’s detection scheduler uses the configuration from
action at to execute the detection task.

Classic MAB algorithms, such as LinUCB, typically assume
that the reward function has a certain linear relationship in the
contextual information. However, in our problem, the reward
function exhibits nonlinearity due to complex relationships
(such as those between computational resources and total
system delay) rendering classical algorithms ineffective. To
address this challenge, we introduce Bayesian optimization
(BO) [23], [24], which treats the objective function as a
black box and infers its value for a given input based on
historical input-output observations. Bayesian optimization
can efficiently approximate the optimal solution using a small
number of sampling points in scenarios where the evaluation
cost of the objective function is high. Typically, the reward
function in Bayesian optimization is defined as: yt = f (zt)+ ϵt,
where zt = (at, ct) represents the action-context pair in epoch
t. ϵt ∼ N(0, σ2) represents random noise. We explicitly adopt
a non-zero noise variance to account for inherent edge server
hardware jitters (e.g., slight GPU inference fluctuations due
to thermal throttling), preventing the algorithm from blindly
overreacting to occasional system lags.

Based on the above problem framing and corresponding
formulations, we treat the objective function as a stochastic
process, using a prior distribution to represent the initial
assumptions about the unknown function. As new observations
are obtained, the prior distribution is updated to a posterior dis-
tribution, enabling a more accurate inference of the function’s
behavior. This update mechanism helps in selecting the next
input point that is likely to achieve the highest reward. Here,
we define the prior distribution of the objective function as a
Gaussian Process (GP), which can be fully characterized by
the mean function µ(z) = E

[
f (z)
]

and the covariance function
kz(z, z

′

) = E
[
( f (z) − µ(z))( f (z

′

) − µ(z
′

))
]
. We use a squared

exponential kernel as kernel function, which is defined as:

kz(z, z
′

) = exp(−
∥ z − z

′

∥2

2l2
), (14)
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where l determines the extent to which z and z
′

influence
each other. The SE kernel is selected because similar resource
configurations, such as nearby GPU allocations and LoRA
ranks, tend to exhibit correlated system performance. Although
these resource configurations are discrete in practice, configu-
rations close to each other in the action-context space usually
lead to comparable inference latency and detection accuracy.
Therefore, the SE kernel can effectively capture such local
correlation between similar action-context pairs.

At epoch t, the observed historical reward set is Yt =

[y1, · · · , yt]T , and corresponding to the action-context pair set
is Zt = [z1, · · · , zt]T . When a new sample point zt+1 arrives,
the observed distribution is defined as: Yt

yt+1

 ∼ N

 µ (Zt)

µ (zt+1)

 ,
 Kt + σ

2I kt (zt+1)

kT
t (zt+1) kz (zt+1, zt+1)


 ,
(15)

where µ (Zt) =
[
µ(z1), · · · , µ(zt)

]T , Kt =
[
kz

(
z, z

′
)]

z,z′∈Z
, and

kt(z) =
[
kz (z1, z) , · · · , kz (zt, z)

]T . Mt = {(z1, y1) , · · · , (zt, yt)}
represents the observations collected from epoch 1 to epoch t.
By applying the Sherman-Morrison-Woodbury formula [25],
the posterior predictive distribution of yt+1 can be derived as:

yt+1 | Mt, zt+1 ∼ N(µ(zt+1 | Mt), σ2(zt+1 | Mt)). (16)

Therefore, the posterior distribution over f (·) remains a
Gaussian Process. The advantage of this approach is that it
enables the prediction of f (zt) for any action-context pair
zt based solely on previously observed values. The mean,
covariance, and variance of the posterior distribution f (zt) can
be expressed as:

µt(z) = kt(z)T
(
Kt + σ

2I
)−1

Yt, σ
2
t = kt(z, z),

kt (z, z′) = kz (z, z′) − kt(z)T
(
Kt + σ

2I
)−1

kt (z′) .
(17)

To determine the action to select in the next epoch, we adopt
the Upper Confidence Bound (UCB) acquisition strategy:

at+1 = argmax
at+1∈D

µt(zt) + β
1
2
t σt(zt), (18)

where D is the action space and βt is a constant that controls
the trade-off between exploration and exploitation. In a real-
time video system, blindly exploring random configurations
can cause severe video freezing. By tuning βt, the UCB
strategy ensures the system only tests new configurations when
highly confident, ultimately locking into a stable setup for
reliable detection.

We decouple resource allocation from the DRL agent and
manage it via BO on a per-epoch basis. Integrating resource
allocation directly into the DRL’s action space would introduce
unacceptable hardware context-switching overheads for per-
frame decisions (i.e., timescale mismatch) and exponentially
expand the action space, leading to severe DRL training
instability. BO efficiently handles this low-frequency tuning,
perfectly complementing the DRL’s high-frequency decisions.

VI. PERFORMANCE EVALUATION

In this section, we evaluate the performance of Adaptive-
EVOD, with the implementation and setup described in Section
VI-A, ablation studies presented in Section VI-B, and compar-
ative experiments detailed in Section VI-C.

A. Implementation and Setup

Testbed. Our experimental platform consists of five
NVIDIA Jetson TX2 devices as terminals, while the edge
server is based on a Supermicro M12SWA-TF server, equipped
with an AMD Ryzen Threadripper PRO 5995WX processor
and three NVIDIA GPUs (RTX 4090, RTX 3090, and RTX
2080 Ti) [26], [27]. The terminal devices run the lightweight
YOLOv5s detection model, while the edge server hosts
YOLOv5x, along with its multiple LoRA fine-tuned versions,
to perform video-based object detection. The YOLOv5 series,
due to its maturity, is widely used in edge-assisted video
detection and adopted by State-of-the-Art methods (e.g. [28]
in the year 2025). All devices are interconnected through
a campus-local area network, where the network bandwidth
predominantly fluctuates between 3 MB/s and 15 MB/s. Each
time epoch is set to t = 1s. At the beginning of each time epoch
t, the weight factor α is sampled from a uniform distribution
within the range [0.2, 0.7].

Dataset. The dataset utilized for the terminal devices is
composed of surveillance videos from five distinct scenarios
obtained from YouTube [18], [19], [29]–[31]. These videos
encompass diverse visual characteristics: slow-moving street
pedestrians with high object density (Video 1), fast-moving
highway vehicles with massive inter-frame differences (Video
2), close-range face recognition with non-linear motion (Video
3), stable baseline road traffic (Video 4), and 4K extreme-
distance traffic featuring a high proportion of challenging
small objects (Video 5). To establish rigorous ground truth
annotations, we first utilized the large-scale YOLOv5x6 model
to generate preliminary detection results. Subsequently, these
pre-labels and original frames were imported into the computer
vision annotation tool (CVAT) for a meticulous frame-by-
frame review by two independent annotators, who corrected
bounding box drifts and manually annotated small objects
missed by the pre-labeling model. Finally, a third supervisor
conducted cross-validation to resolve any annotator discrep-
ancies, ensuring that only labels reaching a strict consensus
were finalized, consistent with previous studies [4], [32].

Metrics. We evaluated the following performance metrics:
(a) Accuracy. It is defined as At in Section IV-B and evaluated
across five types of video data, including overall detection
accuracy and small object detection accuracy. (b) Time. This
includes algorithm execution time, model inference time,
and video transmission time. To comprehensively evaluate
the aforementioned metrics, experiments are conducted under
varying datasets, different numbers of terminal devices, and
diverse bandwidth conditions.

B. In-depth Analysis of Adaptive-EVOD System

To demonstrate the effectiveness of specific components
in Adaptive-EVOD, a series of ablation experiments are con-
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Fig. 6: Ablation study on adaptive threshold, model adapter and resource scheduler.
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Adaptive-EVOD.

ducted in our systems.
Small object detection threshold. In Adaptive-EVOD,

to enhance the detection accuracy of small objects, we as-
sign different detection thresholds based on object types
to better localize their positions. To evaluate the impor-
tance of this adaptive thresholding mechanism, we compare
our work (w/Threshold) with two variants: (1) a baseline
Adaptive-EVOD variant without any detection thresholding,
w/o Threshold, and (2) a variant with fixed detection thresh-
olds applied uniformly across all objects, f ixed/ Threshold.
As shown in Fig. 6(a) and (b), w/ Threshold improves the
overall detection accuracy for small objects by 21% and 39%
compared to f ixed/ Threshold and w/o Threshold, respec-
tively, with negligible additional detection latency. Further-
more, we report the detection accuracy for two representative
small object classes, person and handbag. The results show
that w/ Threshold achieves accuracy improvements of up to
24.6% and 35.7% for these two categories, respectively.

Model adapter and resource scheduler. To evaluate the
efficacy of the Bayesian optimization-driven model adapter
and resource scheduler, we compare the full Adaptive-EVOD
system against a baseline variant (Variant 1) that relies on
a static configuration with fixed LoRA rank and GPU al-
location. For the BO module, the LoRA ranks are selected
from {2, 4, 6, 8}. As shown in Fig. 6(c) and (d), compared to
Variant 1, the full Adaptive-EVOD improves average per-frame
detection accuracy by 12.4% and reduces detection time by
17.3% across the five video sequences.

In detail, the performance degradation of Variant 1 is
primarily attributed to its static model selection and resource
allocation strategy, which leads to severe GPU overload and
prolonged queuing delays. As shown in Fig. 7, Variant 1 adopts
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Fig. 8: Accuracy comparison of different schemes.
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Fig. 9: Time comparison of different schemes.

a fixed configuration (LoRA rank = 4) across all time periods,
regardless of system load. In contrast, at epoch t = 1, when the
number of tasks on the edge side is more than 70, Adaptive-
EVOD reduces the LoRA rank to 2, thereby decreasing the
number of parameters and accelerating inference. By epoch
t = 4, as the load decreases, it increases the LoRA rank to 8
to enhance detection accuracy.

C. Comparison with State-of-the-Art

Benchmarks. We compare Adaptive-EVOD with the fol-
lowing three baseline schemes. (1) Penance, predicts the
bitrate to dynamically adjust the compression parameters [33].
(2) YOLOse, retrains the model to enhance detection accuracy
during the processing stage [28]. (3) EdgeDuet, employs tile-
level parallel processing to improve the detection accuracy of
small objects [15].

Accuracy. As shown in Fig. 8(a), the average detection ac-
curacy of videos on each terminal device shows that Adaptive-
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Fig. 10: Impact of the number of terminal devices and bandwidth.
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Fig. 11: Performance and robustness evaluation under highly dynamic bandwidth conditions.

EVOD outperforms the other three baseline schemes from
7.8% to 23.4%. In addition, due to the varying nature of
each video, detection accuracy also differs accordingly. For
example, the video on Device 5 involves fast-moving vehi-
cles, with a relatively low initial resolution and large frame
differences, resulting in the lowest accuracy. As shown in
Fig. 8(b), for small object detection, both Adaptive-EVOD and
EdgeDuet improve accuracy significantly over Penance and
YOLOse. However, as EdgeDuet does not consider adaptive
model selection and dynamic resource allocation, its accuracy
remains lower than that of Adaptive-EVOD.

Algorithm overhead. The average end-to-end time per
video frame on each terminal device is shown in Fig. 9(a),
in which Adaptive EVOD is the fastest and reduces latency
by 5.7% to 18.3% compared to the baselines. To further
analyze the time consumption of Adaptive-EVOD, Fig. 9(b)
presents the average runtime of each module in Adaptive-
EVOD. For frames that are not offloaded, only local detection
time and algorithm execution time are involved. For frames
offloaded to the edge server, the total time cost includes local
detection time, transmission time, algorithm execution time,
and edge detection time, among which transmission time and
edge detection time account for the majority. Specifically, the
DRL inference requires < 2 ms per frame via a lightweight
MLP, while the Bayesian Optimization update takes only 10–
15 ms per epoch. Overall, the combined algorithm execution
time constitutes less than 3% of the total end-to-end latency.
Thus, the execution time of our algorithm has limited impact
on the total time cost.

Impact of scale and bandwidth. We evaluate the perfor-
mance of Adaptive EVOD under varying numbers of termi-

nal devices and network bandwidth conditions. Specifically,
Fig. 10 (a) and (b) present results with a fixed bandwidth of
15 MB/s as the number of terminal devices scales from 10
to 50. Fig. 10 (c) and (d) investigate the impact of varying
bandwidth from 3.5 MB/s to 15 MB/s while fixing the number
of terminal devices at 5. Fig. 10 (a) and (b) show that
Adaptive EVOD improves the average detection accuracy by
18.8% to 28.2% and reduces the average end-to-end latency
by 20.5% to 40.2% compared to state-of-the-art methods. On
the other hand, Fig. 10 (c) and (d) show that Adaptive-EVOD
consistently outperforms all baseline methods in terms of
overall system accuracy and latency across varying bandwidth
conditions. Additionally, the curves in Fig. 10 demonstrate
that our method can adaptively balance detection accuracy and
latency under varying numbers of terminal devices (system
load) and bandwidth conditions.

Robustness under highly dynamic bandwidth. To further
evaluate system robustness, we test Adaptive-EVOD under
two dynamic bandwidth traces in a 60 s controlled streaming
experiment. The sinusoidal trace varies between 3 MB/s and
15 MB/s according to B(t) = 9+6 sin

(
πt
15 +

π
2

)
MB/s, emulating

continuous wireless fluctuations. The abrupt trace changes
from 15 MB/s to 3 MB/s and then to 10 MB/s at 20-
second intervals, emulating sudden network shocks. As shown
in Fig. 11(a) and (b), under sinusoidal bandwidth variation,
the baselines show clear latency oscillation and adaptation
hysteresis. Their maximum latency reaches 955 ms, 768 ms,
and 824 ms, respectively, while Adaptive-EVOD keeps its
latency below 429 ms. Meanwhile, the minimum accuracy
of the baselines drops to 0.372, 0.492, and 0.452, whereas
Adaptive-EVOD maintains at least 0.744 accuracy. As shown
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in Fig. 11(c) and (d), under abrupt bandwidth drops from 15
MB/s to 3 MB/s, the baselines suffer severe latency spikes
and over 35% accuracy loss, while Adaptive-EVOD limits the
accuracy loss to 16% by adaptively adjusting resolution and
offloading decisions. These results demonstrate that Adaptive-
EVOD achieves stable latency and robust accuracy under
dynamic bandwidth conditions.

TABLE II: Paired sample t-test results comparing Adaptive-
EVOD against SOTA baselines on latency and accuracy.

Metric Compared Baseline Calculated p-value Significance

Latency vs. Penance 1.34 × 10−15 p < 0.001

Latency vs. YOLOse 4.21 × 10−12 p < 0.001

Latency vs. EdgeDuet 8.56 × 10−8 p < 0.001

Accuracy vs. Penance 2.11 × 10−18 p < 0.001

Accuracy vs. YOLOse 6.73 × 10−14 p < 0.001

Accuracy vs. EdgeDuet 3.92 × 10−9 p < 0.001

Statistical significance. To ensure the performance im-
provements are robust and not due to random chance, we con-
ducted a paired-sample t-test comparing the frame-by-frame
latency and accuracy of Adaptive-EVOD against the three
baselines. The test is performed at the frame level: each paired
sample corresponds to the performance of Adaptive-EVOD
and a baseline on the same video frame under the same ex-
perimental condition. The paired samples are collected across
all five video sequences and the evaluated bandwidth/device
settings, resulting in 2880 paired frame-level observations for
each comparison. As shown in Table II, the calculated p-
values for all comparisons are mathematically well below the
strict threshold of 0.001. This formally establishes that the
performance gains achieved by our joint optimization strategy
are highly statistically significant, yielding robust advantages
over SOTA methods across heterogeneous video contents and
highly dynamic bandwidths.

VII. RELATED WORK

In edge-assisted object detection systems, video transmis-
sion, video processing, and small object detection are all
critical components that collectively influence overall per-
formance [34]–[37]. In video transmission, existing studies
have centered on ensuring real-time and stable transport by
adjusting quality parameters [9], regions of interest [10], and
video block bitrates [38], [39] to enhance the efficiency of
video frame transmission from the device to the edge server,
thereby laying the foundation for real-time object detection.
Regarding video processing, another core component of the
system, video object detection optimization has also garnered
significant attention [13], [14]. Research efforts have largely
focused on super-resolution reconstruction [12], computational
resource allocation [40], and detection model selection [41],
[42] to improve detection accuracy, reduce inference latency.
Lastly, for video frames containing a high proportion of small

objects, enhancing small object detection can significantly
improve the overall detection accuracy [15].

Aligned with the fundamental trend of integrating sensing,
communication, and computation in edge AI [43]–[45], due
to the intrinsic coupling between the two core tasks of edge-
assisted object detection systems—video transmission and
object detection—certain key factors simultaneously impact
both stages, making it difficult to achieve system-wide optimal
performance through single-stage optimization [46], [47]. To
the best of our knowledge, a few studies have attempted to
jointly optimize video transmission parameters (e.g., resolu-
tion, frame rate) and detection model selection within the
field of edge-assisted video analytics [48], [49]. However,
these approaches often overlook the importance of small
object detection, resulting in suboptimal handling of frames
containing a large number of small objects and consequently
degrading overall detection performance [33], [50]. Further-
more, existing joint optimization studies often overlook the
adaptive scheduling of edge server computational resources,
making it challenging to maintain real-time detection in the
highly dynamic environments [15], [51]–[53]. Compared with
previous works, our approach performs joint optimization of
video transmission and processing, and adaptively formulates
a globally optimal strategy that incorporates small object
detection, thereby maximizing the overall system efficiency.
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IX. CONCLUSION

We propose Adaptive-EVOD, an edge-assisted video object
detection system that enables intelligent decision making on
parameter selection in video transmission stage and resource
allocation in processing stage. Adaptive-EVOD first employs
deep reinforcement learning to adaptively determine strategies
on frame resolution and rate, and then utilizes Bayesian
optimization to dynamically adjust resource usage and model
selection, enabling joint optimization of both transmission
and processing stages. In addition, Adaptive-EVOD places
special emphasis on small object detection by introducing
adaptive detection thresholds to enhance accuracy. We evaluate
Adaptive-EVOD on a real-world platform, and experimental
results demonstrate that it achieves higher detection accuracy
and lower latency compared to three state-of-the-art baseline
schemes, highlighting its overall superiority. In future work,
we plan to extend Adaptive-EVOD to multi-edge scenarios,
focusing on distributed resource allocation and service migra-
tion to enhance system scalability.
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