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Abstract—Video object detection stands as a pivotal element
within the burgeoning landscape of autonomous driving systems.
The exigency to fulfill stringent real-time requisites, while up-
holding both precision and efficiency in detection, underscores
its significance. Although extant methodologies enhance either ac-
curacy or efficiency through the exploitation of spatio-temporal
inter-dependencies within the video context, their propensity to
conduct detection on discrete frames begets superfluous compu-
tations and curbed real-time efficacy. This paper introduces a
pioneering approach, called Real-Batch, tailored explicitly to re-
dress this quandary. Real-Batch ingeniously processes batches of
video frames uniformly, effectually winnowing out repetitive object
detection occurrences. Our methodology is rigorously evaluated on
the real-word datasets, scrutinizing four key metrics: accuracy, ef-
ficiency, informational value, and adherence to timing constraints.
The comprehensive findings substantiate that Real-Batch yields an
unparalleled maximal surge in accuracy and efficiency, increasing
of 4.2%-13.2% and 24.7%-43.9%, respectively, offering promising
advancements for autonomous driving systems.

Index Terms—Real-time scheduling, video object detection,
autonomous driving.

I. INTRODUCTION

W ITH the rapid development of sensing technology and
mobile computing platform, autonomous driving and

other advanced driving assistance system (ADAS) receive great
attention from smart cities [1]. Among various components of
autonomous driving, vision-based object detection is definitely
an important building block. It serves as the foundation of
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obstacle avoidance and route planning and is more cost-effective
than other sensing technologies such as mmWave, LiDAR, and
ultra-sonic. For example, Tesla achieves full self-driving (FSD)
based on object detection with eight cameras [2]. Moreover,
in autonomous driving, object detection has a strict deadline
to make sure the vehicle could make decisions and react to
the emergency as quickly as possible. However, the computing
resources of vehicles are limited, making it difficult to process
video streams accurately in real-time [3].

Existing works leverage optical flow [4], [5] or object match-
ing [6], [7] to improve the timelines of video object detection.
However, these approaches take video streams as continuous
frames and perform single-frame detection on them, resulting in
a large number of redundant detection of the repeated objects in
video streams. Another way to reduce the detection latency is
to offload some of the computation to a nearby edge device [8],
[9]. Nevertheless, in the autonomous driving scenario, existing
edge computing infrastructure is not mature enough to support
real-time offloading due to the high mobility of vehicles [10].

In order to process enough frames for more information on
the surrounding environment while satisfying the decision dead-
line, batching the input frames and eliminating the redundant
objects being detected seem to be a straightforward solution.
However, applying batching and object elimination encounters
three formidable questions, especially in autonomous driving
scenario. (i) For the batched inference, how can we determine
the batch size in such a highly variable environment of au-
tonomous driving? To meet the decision deadline, our system
should consider the tradeoff between the waiting latency to
form a batch and the inference latency. (ii) For the redundant
detection elimination, how should we set up the appropriate
elimination quantity under different situations? The prevailing
object detection algorithm first generates abundant detection
proposals and then performs detection for each proposal. The
more proposals eliminated, the faster detection will be. However,
filtering too many proposals will lower the detection accuracy.
(iii) Moreover, how should we select the proposals inside a batch
to be eliminated? We should keep the unique objects and try to
filter the identical objects in different frames in a batch.

To answer the above three challenging questions, we propose
Real-Batch – an adaptive batch processing system for object de-
tection in autonomous driving. To be more specific, Real-Batch
incorporates several novel design elements: (1) To ensure that
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video frames are processed within the deadline, we introduce
a Deadline-driven Adaptive Batch Scheduling mechanism. This
mechanism predicts the number of proposals and the latency for
the next batch of video frames, enabling the system to select
an appropriate batch in a timely manner. (2) To recognize the
regularity of object changes between consecutive video frames,
we propose a Batch Proposal Density-based Discriminator. It
automatically classifies the driving scenario into sparse, normal,
or dense categories, taking into account the density of objects
in the frames. (3) Given the significant number of proposals
generated by the Region Proposal Network (RPN), we propose
a Determinant Point Process-based Proposal Filter, which mod-
els the selection process of a subset from all proposals using the
Determinantal Point Process (DPP). Additionally, we propose
the Greedy Selection Batch Proposal (GSBP) algorithm, which
expedites the selection process by adding multiple proposals
to the candidate set simultaneously. It is worth noting that we
design Real-Batch to be more adaptive and can serve as a plug-
and-play system for all two-stage object detection algorithms.

We implement Real-Batch with five object detection algo-
rithms and compare with three scheduling approaches on the
UA-DETRAC (University at Albany DEtection and TRACk-
ing) dataset [11]. Experiments show that Real-Batch is supe-
rior to the other three scheduling approaches in accuracy, effi-
ciency, information value, and missing deadline ratio. Compared
with traditional networks, Real-Batch with Faster RCNN gains
1.53× efficiency improvement when an autonomous driving car
has five cameras with an acceptable accuracy decrease.
� We first propose batch processing to improve the efficiency

of video object detection in the autonomous driving sce-
nario. Real-Batch is fundamentally different from previous
object detectors that detect each proposal. Real-Batch is a
middleware for video object detection, which is suitable
for region-based video object detection frameworks.

� We pack video frames into a batch for input to the detection
network to avoid detecting each frame. Accounting for the
complex variability of autonomous driving environments,
we utilize the batch proposal density to distinguish sce-
narios. In order to improve detection efficiency, we use
the relationship of proposals between adjacent frames to
filter out different batch objects and reduce redundancy
calculation.

� We use real-world autonomous driving datasets to verify
the performance of our method and other state-of-the-art
algorithms. Experimental results show that our proposed
Real-Batch is effective in ensuring detection accuracy and
also greatly improves the detection efficiency at the same
time.

Section II presents the motivation behind Real-Batch, offering
insights into the challenges it addresses. Section III provides
an overview of the framework, outlining its key components
and design principles. Section IV delves into the methodology
and technical design of Real-Batch in detail. Section V de-
scribes the experimental setup, including the datasets, platform
specifications, evaluation metrics, and baselines. Section VI
evaluates the results and provides a comprehensive analysis
of the performance compared to existing methods. Section VII

discusses open issues of Real-Batch. Section VII discusses the
work and summarizes the differences between Real-Batch and
state-of-the-art (SOTA) methods, while Section IX concludes
the paper.

II. MOTIVATION

The video object detection problem is usually formulated as
follows: given continuous frames, it outputs bboxes (bounding
boxes) and categories of the objects contained in these frames
separately and evaluates the accuracy of the network model by
comparing the detection results of each frame with the ground
truth. For example, in an autonomous driving environment,
vehicles are bound to encounter sparse and congested roads
during a complete travel route. A camera on an autonomous
driving car captures 30 frames in a second, and we need to detect
each frame within 33 ms. Crucially, the autonomous driving car’s
decision-making system updates its decisions (braking, accel-
erating, or decelerating) every 100 ms based on the detection
results from video frames [12], [13], [14].

However, current video object detection algorithms achieve
detection efficiency of less than 30 FPS (Frame Per Second).
For video object detection algorithms based on optical flow,
FGFA [4] and DFF [5] have detection efficiency of 1.36 FPS
and 20.25 FPS at K40 GPU, respectively. For video object
detection algorithms based on tracking, D&T Loss [7] and
Track assisted [6] have detection efficiency of 7.8 FPS and
30 FPS at Titan XP GPU, respectively. Therefore, in order to
meet the real-time requirements of autonomous driving, many
researchers use skipping schedule [15], [16], [17] or keyframe
schedule [18], [19] to process video frames before the deadline.

Employing scheduling approaches to improve detection effi-
ciency: An ideal schedule is that each video frame is processed
in real-time (less than 33 ms), but the current video object
detection algorithms cannot achieve this on mobile GPUs. A
naive schedule is to process each video frame regardless of
processing time and deadline. Although the video frame is not
discarded in this approach, each detection result is from previous
remote video frames, therefore the freshness of information is
poor. Skipping schedule ensures the freshness of information,
but many frames are discarded. If the discarded frame contains
important information, this is fatal to security. Keyframe sched-
ule is the same as the skipping schedule, both of which discard
many video frames. The difference is that the keyframe schedule
first picks out video frames that contain important information.

However, the features of keyframes cannot represent the
features of all frames. Not all objects may be included in
keyframes. The above approaches [15], [16], [17], [18], [19]
are single-frame processing and need to detect each selected
frame. Our idea is to package selected frames in a buffer pool
together for processing and to improve detection efficiency.

Reducing the redundant object repeated detection to improve
detection efficiency: Existing video object detectors usually in-
clude two networks: a feature extraction network and a detection
network. The feature extraction network uses CNN (Convolu-
tional Neural Network) to extract features from the input frame
to generate feature maps. The detection network uses feature
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Fig. 1. The number of same detected object ID repeatedly.

Fig. 2. Relevance of proposal number and inference time.

maps generated by the feature extraction network to detect the
category and location of objects. The video consists of continu-
ous frames, with strong continuity between each frame, which
causes the network to detect a large number of similar objects in
consecutive frames. Actually, this leads to the detection of a lot
of redundant information and slows down calculation efficiency.

As shown in the upper right corner of Fig. 1, the same object ID
appears in 25th frame and 45th frame. Based on this observation,
we count the redundancy detection times of all object IDs in a
video, and the average redundancy detection times in this video
is 220.3. In addition, we observe the correlation between the
number of proposals and inference time. As shown in Fig. 2,
the two trends are basically the same, which indicates that there
is a certain correlation between the number of proposals and
inference time. This is the key motivation behind Real-Batch
by filtering a large number of proposals to improve computing
efficiency.

Our idea is to pack a series of frames into a batch and extract
different batch proposal results uniformly, which reduces the
computational cost of the detection network. At the same time,
it does not affect the accuracy of video object analysis results.
Specifically, Real-Batch first predicts the latency of batch frames
and selects a suitable batch size, then Real-Batch processes the
frames at once and outputs the proposal of selected frames.
Second, Real-Batch does not directly match or detect objects
like other detection algorithms, but judges the congestion of
the road in a batch of video frames according to the proposal
density. Our system handles sparse, normal, and dense cases
separately to maximize the balance between accuracy and effi-
ciency. Finally, by uniformly filtering the candidate proposals
of batches of video frames, Real-Batch reduces the detection
of duplicate objects, thereby greatly improving computational
efficiency.

III. SYSTEM OVERVIEW

Fig. 3 shows the architecture of Real-Batch in detail. As
we mentioned before, we design Real-Batch as plug-and-play
building blocks for existing two-stage object detection systems.
It is worth noting that Real-Batch can also work with one-stage
object detection (OD). We will discuss the adaptivity of Real-
Batch in Section VII.

Traditional two-stage object detection algorithms consist of
a region proposal stage and a detection stage. Based on the
insights in Section II, to achieve better timeliness with batching
mechanism and proposal filtering, Real-Batch includes the fol-
lowing three parts: (i) Deadline-driven Adaptive Batch Schedul-
ing module, (ii) Batch Proposal Density-based Discriminator
module, and, (iii) Determinant Point Process-based Proposal
Filter module.

Before sending video frames to region proposal net-
work, Real-Batch leverages a Deadline-driven Adaptive Batch
Scheduling module to select the most appropriate batch size of a
video frame, so that enough images can be used without missing
the decision deadline. The video frames are taken as a whole and
input into the region proposal network [20] to obtain the proposal
coordinates and scores of video frames. More explanations can
be found in Section IV-A.

After proposal generation, Real-Batch perceives the complex-
ity of detection scenario with a Batch Proposal Density-based
Discriminator by judging the region proposal density and di-
vides the proposal set into three cases: sparse, normal, and
dense. The judging proposal coordinates and scores are input
into the feature extraction network to generate the feature map
of proposals. More explanations can be found in Section IV-B.

Finally, Real-Batch filters out less-important proposals to
avoid repeated detection of the same objects to enhance detec-
tion efficiency via a Determinant Point Process-based Proposal
Filter module. We predict bounding box coordinates and object
categories by bounding box prediction network and category
prediction network. More explanations can be found in Sec-
tion IV-C.

It is worth noting we do not modify the deep network’s layer
architecture itself. Instead, we introduce several modules be-
tween the existing layers, showcasing the plug-and-play nature
of Real-Batch. This design ensures that our approach seamlessly
integrates with existing two-stage detection frameworks without
altering the underlying network structure.

IV. MAIN DESIGN

For describing the detailed design of each module, we define
some necessary notations. We use decision timeline · · · , t, t+
1, t+ 2, · · · to denote periodic decisions in autonomous driv-
ing cars. Between the two decision intervals, cars capture m
video frames. Video frames generate all proposals and scores
set through backbone network and RPN network. We define
proposal set P1

t = ∪mi=1p
t
i, where pti represents the proposals

of ith video frame in the tth decision. We define score set
S1

t = ∪mi=1s
t
i, which is the foreground probability of proposal,

where sti and pti correspond one to one.
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Fig. 3. Architectural overview of Real-Batch.

Fig. 4. The framework of the Deadline-driven Adaptive Batch Scheduling
module. A gray square represents the filtered proposal and score. Arrows of the
same color represent a prediction process.

A. Deadline-Driven Adaptive Batch Scheduling

When the sensing data arrives according to the camera’s
capture frequency, the submodule is responsible for adaptively
batching the video frames and sending them to the detection net-
work. Compared with traditional methods, the adaptive batching
video frame is more suitable for autonomous driving scenarios.
Traditional object detection systems [8], [10] do not batch video
frames and rely on single-frame processing. The method is suit-
able for the case of low camera acquisition frequency. However,
the capture frequency of the car camera is large (at least 30∼
60FPS) [11], [21]. For regular external driving environments,
some autonomous driving systems [22], [23] consider batch
video frames into fixed batch sizes. However, the autonomous
driving environment is highly dynamic, and the use of fixed-size
batches can cause larger time variations, further exacerbating the
task timeout.

The key insight of the adaptive batching video frame is the
relevance of proposal number and inference time, as is shown
in Fig. 2. We predict the batch size of the next decision timeline
based on the number of proposals generated in the previous
decision timeline. Moreover, we balance the waiting delay and
inference delay of video frames by dynamically adjusting the
batch size, further reducing the task timeout.

The framework of this module is shown in the Fig. 4. First,
we input proposals P t

1 and scores St
1 generated by video frames

captured by the self-driving car between two decision intervals.

Second, we decide which frames in the next decision are elimi-
nated to avoid missing the deadline through the next steps.
� In step 1 (Detecting), the number of proposals |pti| for each

frame i in t decision is detected by the RPN network and
is defined as ground truth.

� In step 2 (Equalization), we compute the number of pro-
posals for each frame in the t+ 1 decision using history
proposals. Although the number of proposals between ad-
jacent frames is similar, the complex autopilot environment
causes the number of proposals for each batch to fluctuate.
The number of proposals for each frame in the t+ 1 de-

cision can be expressed as |p̂t+1
i | = ∑m

i=1
|pt

i |
m , where |pti|

and |p̂t+1
i | represent the ground truth and predicted number

of proposals respectively for each frame. For notational
simplicity, we omit the index t and consider the decision
process only once.

� In step 3 (Predicting), polynomial regression is used to
model K relationships between the batch size and infer-
ence delay, where K = 1, 2, . . . , k, . . .. The polynomial
regression curve is expressed as PRk(τk, Pk), where τk
is kth regression parameters and Pk =

∑k
i=1 |pi| is the

ground truth of proposal number when batch size is k.
This means that for each batch size, we can construct a real
inference delay regression curve. Therefore, we can dynam-
ically batch video frames by selecting a suitable regression
curve. We then predict the delay for each batch size by us-
ing known regression curve PRk, i.e., d̂i ← PRk(τk, P̂k),
where P̂k =

∑k
i=1 |p̂i|. In addition, different batch sizes

will also lead to different waiting delays ŵi.
� In step 4 (Batching), we select a batch size from K in this

decision timeline. Because the batch processing of Real-
Batch inevitably causes video frames to wait, we model
the following optimization problem to balance wait delay
and inference delay. We model this optimization problem
as (1), where ω represents the number of cameras and γ
represents the interval of decision deadline. γ is usually set
to 100ms in experiments [12], [13], [14].

FPS

1000× ω
× (k − 1) + PRk

(
τk, P̂k

)
≤ γ. (1)

Equation (1) ensures that the total processing time for a batch,
including the waiting delay and inference delay, remains within
the decision deadline. The key to achieving this lies in the
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Fig. 5. The framework of the Batch Proposal Density-based Discriminator
module.

dynamic adjustment of batch size, which is informed by the
relationship between the number of proposals and the inference
time. This relationship is modeled using a polynomial regression
curvePRk, which predicts the inference delay for different batch
sizes based on historical data.

The regression curve plays a crucial role in the batch size
selection process. By analyzing the correlation between the
proposal count P̂k and inference latency, PRk(τk, P̂k) enables
the system to dynamically predict the delay for any given batch
size. This predictive capability allows us to optimize the batch
sizek such that the overall delay, including waiting and inference
time, satisfies the deadline constraint γ.

Finally, this module outputs filtered proposals and score set
of the next decision timeline. We define filtered proposal set
P2 = ∪m∗i=1pi, where pi represents the proposal of ith video
frame, m∗ represents the number of filtered video frames. In
addition, we define filtered scores set S2 = ∪m∗i=1si, where si
and pi correspond one to one.

B. Batch Proposal Density-Based Discriminator

As shown in Fig. 5, Batch Proposal Density-based Discrimi-
nator module input proposal coordinates set and scores set. The
module divides vehicle density into three types according to
different driving environments: sparse, normal, and dense. Each
type determines the filtering threshold of the next module, which
is: ε1, ε2, and ε3.

First, based on an objective fact, the number of vehicles
presents a quasi-normal distribution in the real world, that is,
too few or too many vehicles have only a small probability of
occurrence. Therefore, we compute the critical values of the
number of objects and their occurrence probabilities under three
types. We assume that the number of objects x in the real world
follows a quasi-normal distribution X ∼ N(μ, σ2) with the
position parameterμ and the scale parameterσ. This assumption
holds when a dataset is sufficiently complete because events that
occur with extremely small or large x are low-probability events
based on the nature of the normal distribution.

Therefore, the critical values of sparse, normal, and dense
objects in video frames can be obtained according to the proba-
bility of quasi-normal distribution of object numbers, as shown
in (2).

g(x)1,2 =

{
g(x)1 ← P (0 < x < μ− σ)

g(x)2 ← P (x > μ+ σ)
, (2)

where g(x)1, g(x)2 respectively represent the critical values of
sparse and dense objects. P (0 < x < μ− σ) and P (x > μ+
σ) are known and represent the sparse and dense probability of
object x in the real world, respectively.

Second, we model the relationship between the number of
proposals and objects. Proposals are generated when video
frames pass through the RPN network and the object is proposed
according to the intermediate results of proposals in the IoU
(Intersection Over Union) process. For the same IoU process,
the more objects in the video frame, the more proposals are
generated.

Therefore, we model batch proposal density by building the
relationship between objects and proposals, as shown in (3).

f(|p|)1,2,3 =

⎧⎪⎨⎪⎩
f(|p|)1 ← 0 < |p| < g(x)1, sparse

f(|p|)2 ← g(x)1 ≤ |p| < g(x)2, normal

f(|p|)3 ← |p| ≥ g(x)2, dense

,

(3)
where |p| represents the number of batch proposals in the video
frames. f(|p|)1, f(|p|)2 and f(|p|)3 respectively represent the
range of number of batch proposals in the sparse, normal, and
dense cases.

Finally, the three types correspond to thresholds ε1, ε2 and ε3
in the Determinant Point Process-based Proposal Filter module,
which determine how many proposals are filtered respectively
in the next module. The larger thresholds ε1, ε2 and ε3 are, the
more proposals are selected from the ground set, while the fewer
proposals are filtered. When the number of filtering proposals
increases, although the efficiency is improved, the accuracy is
decreased. This means that when the number of objects is sparse,
Real-Batch needs to retain as many proposals as possible, thus
improving accuracy. When the number of objects is dense, the
proposal number is much larger than proposal number when the
number of objects is sparse, therefore Real-Batch needs to delete
as many proposals as possible to improve the efficiency.

C. Determinant Point Process-Based Proposal Filter

As shown in Fig. 6, this module contains three submodules:
the Modeling Kernel Matrix, the Determinant Point Process, and
the Greedy Selection Batch Proposals Algorithm.

1) The Modeling Kernel Matrix: The submodule inputs fil-
tered proposals and scores set and outputs the kernel matrix of
the ground set. The kernel matrix represents the relationship
between each proposal. The construction of the kernel matrix
takes into account both the quality of proposals and their diver-
sity to each other. The quality of a proposal is defined as the
foreground score of this proposal. Only high-quality proposals
work in the subsequent detection process. Diversity measures
how different the batch proposal is. We define diversity as the
similarity between proposal features in the same batch. The
similarity is inversely proportional to diversity in the batch
proposal set.

Kernel matrix L is equivalent to a relationship table used
to describe the relationship between any two individuals in
the ground set Z, as shown in (4). We use the determinant of
kernel matrix to simultaneously measure diversity and quality
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Fig. 6. The framework of the Determinant Point Process-based Proposal
Filter module. The color definitions for all squares in this module are the same as
those in Fig. 4. In the submodule of The Modeling Kernel Matrix, the rectangle
with a gray background indicates that i row and j column are selected.

relationship between any two individuals in one process. The
purpose of constructing the kernel matrix in this way is that we
select high-quality and diverse subsets at the same time in the
process of one selection.

LZ =

⎡⎢⎢⎢⎢⎣
L1,1 L1,2 . . . L1,M

L2,1 L2,2 . . . L2,M

...
...

. . .
...

LM,1 LM,2 . . . LM,M

⎤⎥⎥⎥⎥⎦
M×M

. (4)

Equation (4) represents kernel matrix LZ of the ground set Z,
where M represents the number of proposal features in ground
set Z. Li,j represents the relationship between proposal features
i and j.

To allow the DPP model to select high-quality and high-
diversity proposal features, in our proposed algorithm, the el-
ement Li,j of kernel matrix is constructed in the form of (5).

Li,j = 〈Bi,Bj〉 = 〈sifi, sjfj〉 = sisj 〈fi, fj〉 = sisjSi,j ,
(5)

where Si,j is the similarity between proposal features i and j,
< fi, fj > is the inner product of two vectors fi and fj .

Combining (4) and (5), the kernel matrix of ground set Z can
be simplified to:

LZ =
∏
i∈M

s2i · SM , (6)

whereSM represents the difference of all proposals in the ground
set Z.

To further improve the efficiency, we perform the log function
operation on (6) to convert multiplication operation into addition

operation. It can be expressed as (7):

logdet (LZ) =
∑
i∈M

log
(
s2i
)

︸ ︷︷ ︸
foreground-score

+ log det (SM )︸ ︷︷ ︸
diversity-score

, (7)

where det(·) represents matrix determinant.
∑

i∈M log(s2i ) is
expressed as the foreground score of proposal. log det(SM ) is
expressed as the diversity among proposal features.

It can be seen from (7) that calculating the kernel matrix can
comprehensively evaluate the diversity and quality of proposal
features. A set of good diversity among proposal features is
selected while ensuring a high foreground score.

2) The Determinant Point Process: The goal of the submod-
ule is to select different batch proposals in video frames to avoid
too many redundant calculations of the same objects. We take
all proposal features in the batch of video frames as the ground
set Z, and the features of different proposals as a subset Y . The
submodule inputs the kernel matrix LZ of the ground set Z and
selects a subset of the largest determinant from it. This selection
process is modeled as the determinant point process (DPP).

We would like to borrow the existing DPP to solve our
problem. Unfortunately, the traditional DPP is not feasible in
our problem. In a complex driving environment, the number of
objects in a batch frame changes dynamically. Therefore, in a
selection process, the number of different objects should also be
different. However, the traditional DPP selects a fixed number
of objects in a selection process [24], [25]. Real-time Batch
dynamically determines the object number based on changes in
the environment.

The determinant point process P is a probabilistic model
used to extract a subset Y from the ground set Z. P describes
the probability of occurrence of each subset in a discrete set
Z = {1, 2, . . . , 2Z}. DPP converts complex probability calcu-
lations into simple determinant calculations, and calculates the
probability of each subset through the determinant of the kernel
matrix. This probability can be understood as the probability of
maximizing the quality and diversity of batch proposals in the
detection process, which is affected by two factors, foreground
score and the diversity of proposal features. The probability that
the subset is selected is equal to the ratio of the determinant of
subset Y kernel matrix to the determinant of the ground set Z
kernel matrix, as shown in (8),

P(Y ) =
det(LY )

det(L+ I)
, (8)

where LY denotes a submatrix of matrix L formed by row and
column subscripts belonging to Y . det(L) is the determinant of
L. I is an identity matrix whose rows and columns are equal to
L.

When P gives nonzero probability to the empty set, there
exists a positive semi-definite matrix L ∈ RM×M . Since the
denominator det(L+ I) is the same in every selection process,
for every subset Y ⊆ Z, the probability of Y is shown as (9),
which describes the probability of subset Y being selected
proportional to the determinant of a subset Y .

P(Y ) ∝ det (LY ) . (9)
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Algorithm 1: The GSBP Algorithm Based on the Cholesky
Decomposition.

Input: Kernel matrix L, stopping selection threshold
εi,i=1,2,3

Output: Batch proposal set Y ∗

1: Take out the diagonal elements of the kernel matrix
d2i = Li,i

2: Calculate the average of the cholesky decomposition,
cI = (

∑h
i=1

∑|ci|
j=1 ci,j)/|ci|, dI = (

∑h
i=1 di)/h

3: while dI
2
< εi,i=1,2,3 do

4: Select h proposals by J = argmax
I,|I|=h

log(dI
2
)

5: Update batch objects set Y ∗ = Y ∗ ∪ {J}
6: for i ∈ Z\Y ∗ do

7: eI = (
∑h

n=1 Ln,i− < cI , ci >)/dI
8: Update cI based on (20)
9: Update dI

2
based on (21)

10: end for
11: J = argmax

I∈Z,|I|=h

log(dI
2
), Y ∗ = Y ∗ ∪ {J}

12: end while
13: return Batch proposal set Y ∗

The batch proposal setY is to select the subset that maximizes
quality and diversity from the ground set Z in the detection
process. Therefore, we can formulate the following optimization
problem, as shown in (10). We need to select an optimal subset
Y ∗ with the largest determinant by traversing the ground set Z.
There are 2Z power sets in the ground set Z, and Y ∗ is the one
with the largest determinant in 2Z .

Y ∗ = argmax
Y ⊆Z

(det(LY )). (10)

3) The GSBP Algorithm: Finding a subset Y ∗ of the largest
determinant from the ground set Z is a complex process due
to the vastness of the solution set. Traditional DPP selects one
element at a time from the ground set, which depends heavily on
the size of the ground set. Real-Batch speeds up this selection
process by expanding the number of selected elements. Different
from the traditional DPP, Real-Batch can greedily select multiple
proposals at a time to add to the candidate set, further improving
selection efficiency.

In this submodule, we solve the optimal subset Y ∗ to get the
proposal features of high quality and diversity by maximizing
det(LY ). We propose the Greedy Selection Batch Proposals
algorithm based on the cholesky decomposition to achieve a
fast solution. This solution process is simply to greedily select
a proposal set that can maximize the marginal benefit from the
candidate set each time and add it to the final result subset until
the stopping condition ε1, ε2 or ε3 is satisfied.

Combining P(Y ) ∝ log det(LX), at each iteration, we
greedily select a proposal subset I of size h that maximizes
the marginal benefit from the candidate set and add it to final
batch proposal set, as shown in (11).

J = argmax
I,|I|=h

log det
(
LX∪{I}

)− log det (LX) . (11)

Due to the high complexity of directly solving det(LX), we
use cholesky decomposition to subtly simplify the calculation
process. The cholesky decomposition of LX is defined as LX =
V V T , where V is an invertible lower triangular matrix. For any
subset I , the Cholesky decomposition of LX∪{I} is shown in
(12):

LX∪{I} =

[
LX LX,I

LI,X LI,I

]

=

[
V 0

cI dI

][
V 0

cI dI

]T

=

[
V V T V cI

T

cIV
T cIcI

T − dI
2

]
, (12)

where cI = (
∑h

i=1

∑|ci|
j=1 ci,j)/|ci|, dI = (

∑h
i=1 di)/h. Ac-

cording to (12) and the principle of matrix multiplication, we
can get:

V cI

 = LX,I , (13)

dI
2
= LI,I − ‖cI‖22 . (14)

Further solve the determinant of (12):

det
(
LX∪{I}

)
= det

(
V V T

(
cIc

T
I − d

2
I

)
− V V T cIc

T
I

)
= det

(
V V T d

2
I

)
= det (LX) d

2
I .

(15)
We simplify (11) by (15):

J = argmax
I,|I|=h

log
(
dI

2
)
. (16)

When the J th proposal feature set is added to the candidate
set, we can get LX∪{J} according to (12):

LX∪{J} =

[
V 0

cJ dJ

][
V 0

cJ dJ

]T

= V ′V ′T . (17)

For theJ th proposal feature set, cJ and dJ can also be updated
incrementally in the last iteration. Define c′J and d′J as the new
vector and scalar. According to (13) and (17), we have

V ′c′I
T
=

[
V 0

cJ dJ

]
c′I

T
= LX∪{J},I =

[
LX,I

LJ,I

]
. (18)

Inversely transform (18) to further obtain:

c′I
T
=

[
V 0

cJ dJ

]−1 [
LX,I

LJ,I

]

=

[
V −1LX,I(

LJ,I − cJV
−1LX,I

)
/dJ

]
, (19)

where cIT = V −1LX,I is calculated by (13). Equation (19) can
be further simplified by substituting cI

T into:

c′I =
[
cI (LJ,I − 〈cJ , cI〉) /dJ

]
.
=

[
cI eI

]
. (20)
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TABLE I
DETAILED DESCRIPTION OF THE DATASETS

Then, we have

d′I
2
= LI,I −

∥∥∥c′I∥∥∥2
2
= LI,I − ‖cI‖22 − eI

2 = dI
2 − eI

2.

(21)
Therefore, we solve for the maximum probability det(LX)

by updating c′I and d′I
2
. In each iteration, a proposal feature set

that maximizes the marginal benefit is greedily selected from
the candidate set and added to the final batch proposal set.

V. EXPERIMENTAL SETUP

A. Dataset and Evaluation Setup

We deploy the Real-Batch in a real-world development envi-
ronment and empirically verify the merit by conducting experi-
ments on the UA-DETRAC [11], D2-City [26] and MOT20 [27]
datasets. UA-DETRAC and D2-City datasets are large-scale
driving video datasets, particularly featuring extremely com-
plex and diverse traffic scenarios. MOT20 dataset is a large
benchmark dataset for multi-object tracking and detection, fo-
cusing more on densely populated scenes. The details about
the dataset are shown in Table I. In addition, we set different
video frame workloads to simulate the perception environment
of autonomous driving.

Training Details: We train and inference the whole archi-
tecture on an Nvidia RTX 2060 GPU with SGD (learning
rate=0.005, momentum=0.9, weight decay=0.0005). We ad-
just the learning rate by designing a route that multiplies the
learning rate by 0.33 every 3 steps. During the training process,
we first froze the pre-trained weights of the backbone, and
then use the pre-trained weights to fine-tune RPN and for the
final prediction network part. Next, we unfreeze the backbone
weights, and then train the entire network. Training the net-
work is not the primary focus of our research. Incorporating
various optimizers into Real-Batch is a seamless process that
does not compromise its core functionality. As a result, we
conduct experiments using the Adam optimizer, known for its
robustness in hyperparameter selection, and employ the default
parameters provided by the PyTorch framework. We find that the
Adam optimizer converges faster than SGD and demands less
memory. While there are differences in training performance, the
selection of optimizer does not affect the inference capabilities of
Real-Batch.

Testbed: The platform is based on a high-performance work-
station equipped with an Nvidia RTX 2060 GPU, which has
a total memory of 16 GB. The GPU performance (FP16: 12.9
TFLOPS) is comparable to Nvidia Jetson AGX Xavier (FP16: 11
TFLOPS), which is often used in autonomous driving cars [28],
[29], [30]. The workstation has a 22.3 GHz Intel processor with
32 CPU cores and 64 GB of CPU memory. On the software

side, the platform is running Ubuntu 20.04, which provides a
stable and efficient environment for our experiments. We utilize
Python 3.8 as the primary programming language and PyTorch
to support inference models on GPUs.

B. Evaluation Metrics and Baselines

We use four metrics to evaluate Real-Batch and baselines:
Accuracy (mean Average Precision), FPS (Frames Per Second),
MIV (Mean Information Value), and MDR (Missing Deadline
Ratio).

Accuracy represents the mean Average Precision (mAP) con-
tained in all video frames. FPS is how many frames per sec-
ond the system can process (detect). MIV represents the mean
of information value for all decisions during detection. Infor-
mation value contains two metrics: information completeness
and information age. Information completeness evaluates how
many video frames are lost during a decision. Information age
evaluates whether the inference video frame is freshly captured
during a decision. MDR represents missing deadline ratio during
all decisions. This metric evaluates whether the system can make
real-time decisions based on inference results.

In order to compare the superior performance of Real-Batch,
we used four SOTA methods that are closely related to the
autonomous driving object detection system. AdaPyramid [31]
balances accuracy and inference latency by adjusting specific
combinations of knobs in the video analysis system (such as
resolution, sampling rate, etc.) and eliminating redundant back-
ground in video frames. Batch-MOT [32] combines multiple
input images into a batch for DNN inference during batch
execution, reducing execution time at the expense of tracking
accuracy. RT-MOT [33] designs a scheduling algorithm that
combines offline and online methods, selecting different detec-
tion models and target matching models based on changes in
target confidence, balancing accuracy and latency. BAS [34] is a
Batching-Aware Scheduling algorithm that assigns high priority
to key targets and increases detection frequency. Additionally,
this algorithm submits multiple regions of the same size to the
GPU for processing simultaneously, enhancing computational
efficiency.

VI. PERFORMANCE EVALUATION

A. Main Result

Performance comparison of Real-Batch on different datasets:
As shown in Table II, the Real-Batch outperforms other SOTA
across UA-DETRAC, D2-City and MOT20 datasets on four
metrics. Specifically, the Real-Batch achieves a 4.2%–13.2%
higher average accuracy than the SOTA methods. In terms
of efficiency, the Real-Batch processes frames 4.3-7.9 FPS
faster than SOTA methods. This is due to its optimized batch
processing and elimination of similar objects, enabling higher
throughput while maintaining detection deadlines. In addition,
the Real-Batch ensures minimal information loss of frames
during decision-making, and delivers 3.2%-15.1% higher Mean
Information Value (MIV) compared to others. At the same time,
the Real-Batch reduces the deadline miss rate by 3%-10.6%,
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TABLE II
PERFORMANCE COMPARISON OF REAL-BATCH ON DIFFERENT DATASETS

ensuring that all frames are processed within the required dead-
line by dynamically adjusting the batch size.

On the low-workload UA-DETRAC dataset, both Real-Batch
and SOTA process video frames in real-time, indicating that
both exhibit satisfactory scheduling and processing capabilities
in lightweight task scenarios. Consequently, they perform well
across all four metrics. This validates that, under relaxed task
conditions, performance bottlenecks are less pronounced for
these algorithms.

However, as the workload increases, particularly on high-
density datasets such as MOT20, Real-Batch and SOTA decline
in Accuracy, MIV, and MDR. This occurs because higher work-
loads result in fewer video frames being processed, leading to
decreased detection accuracy (Accuracy) and information value
(MIV), as well as increased missed deadline ratios (MDR).
Despite the overall decline in metrics, Real-Batch demonstrates
significantly smaller losses in precision compared to SOTA
algorithms. On MOT20, Real-Batch’s average precision loss
is only 2.8%, while AdaPyramid, Batch-MOT, and RT-MOT
suffer losses of 16.1%, 8.9%, and 24.8%, respectively. This
highlights Real-Batch’s robustness in handling complex, high-
density tasks.

As the workload increases, batch-based scheduling algo-
rithms experience an improvement in FPS due to mechanisms
designed to process video frames more quickly under high
input rates. Compared to the UA-DETRAC dataset, batch-based
scheduling algorithms, Batch-MOT, BAS, and Real-Batch,
achieved improvements of 7.1, 7, and 14.3 FPS, respectively,
on the MOT20 dataset. However, non-batch based scheduling
algorithms, such as AdaPyramid and RT-MOT, exhibited little
to no improvement. In scenarios with higher workloads, Real-
Batch achieved an average improvement of 5.2% compared
to other batch-based scheduling algorithms, and an average
improvement of 7.8% compared to non-batch scheduling algo-
rithms. This fully demonstrates the effectiveness of Real-Batch
in processing video frames through dynamic adjustment of batch
sizes.

The comparison of visualization results: We conduct an addi-
tional experiment to visualize the object detection results for
Real-Batch alongside other SOTA methods. We specifically
chose an IoU threshold of 0.7 to highlight the ability of Real-
Batch in filtering out similar candidate objects, showcasing its
effectiveness in reducing redundancy. For a clearer comparison,
we select three typical frames from a batch of video frames for
visual comparison. To ensure a fair comparison, we select the
largest detected object in each video frame as the ground truth
(GT) for comparison. The rationale behind this choice is that

larger targets are typically easier to detect, providing a clearer
demonstration of detection performance.

From the visualizations in Fig. 7, we observe that Real-Batch
consistently detected objects that are closest to the ground truth.
This is largely due to the batch processing and the ability to
filter out similar candidate targets, thereby reducing redundancy
in the detection process.

AdaPyramid and RT-MOT, which do not employ batch pro-
cessing, are observed to have undetected video frames, indicat-
ing their limitations in handling the redundancy in candidate
targets. While BAS and Batch-MOT use batch processing to
accelerate detection, we find that these methods still result in a
significant amount of redundant detection, as they do not filter
out similar targets as effectively as Real-Batch.

Comparative analysis with respect to real-time analysis: We
compare the real-time performance of Real-Batch with SOTA
methods across different datasets. The results are presented in
a new figure that shows the Cumulative Distribution Function
(CDF) of latency for both Real-Batch and SOTA.

Fig. 8(a) demonstrates that on the UA-DETRAC dataset,
which has a lighter workload, the latency CDFs of Real-Batch
and SOTA are closely aligned. Despite this similarity, Real-
Batch achieves a reduction in inference latency by 1.12 ×.
This indicates that even under lighter workloads, Real-Batch
is effective in optimizing latency.

As the workload increases, the divergence between the latency
CDFs of Real-Batch and SOTA becomes more pronounced. This
trend is evident in the results from the D2-City and MOT20
datasets, where Real-Batch reduces the inference latency by
1.57× and 1.5×, respectively, as shown in Fig. 8(b) and (c). The
enhanced performance of Real-Batch under heavier workloads
can be attributed to its ability to efficiently eliminate redundant
detection of similar targets within video frames. This feature
becomes increasingly beneficial as the number of similar targets
grows with the workload.

B. Comparative Analysis of Various Performance Parameters

First, we analyze Real-Batch’s performance on the UA-
DETRAC dataset under five different workloads (requests/s): 10,
15, 20, 25, and 30. As shown in Fig. 9, we observe that at lower
workloads, Real-Batch exhibits relatively stable performance
in terms of Accuracy, FPS, MIV, and MDR. However, as the
workload increases, accuracy decreases slightly (by 0.5% to
1.26%), but this is offset by significant improvements in FPS
(up to 58.3%). This speed improvement is due to Real-Batch’s
dynamic adjustment of batch sizes, which helps accelerate target
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Fig. 7. Visualize results for object detection by comparing Real-Batch and various SOTA methods.

Fig. 8. The latency CDF of Real-Batch and SOTA methods under different
datasets.

Fig. 9. Performance analysis of the Real-Batch on the UA-DETRAC dataset
when workload changes.

detection with minimal accuracy loss. Nonetheless, when the
workload becomes too high, MIV increases and MDR decreases,
as more video frames cannot be processed in the available time.

In addition, we evaluate Real-Batch’s performance under
varying deadlines on the UA-DETRAC dataset, setting the dead-
lines at 100 ms, 300 ms, and 500 ms. As depicted in Fig. 10,
the deadline appears to have a more significant impact on MIV
and MDR than on Accuracy and FPS. A shorter deadline results

Fig. 10. Performance analysis of the Real-Batch on the UA-DETRAC dataset
when deadline changes.

in newer information being processed, leading to an increase in
MIV, as the model is able to deliver more accurate detection with
fresher data. However, when the deadline becomes shorter, the
system may not have sufficient time to process all frames, which
causes lower MDR.

C. Confusion Matrix and Precision-Recall Curves of
Real-Batch on Different Datasets

We analyze the Precision-Recall (PR) curves and confusion
matrices for the Real-Batch algorithm across different datasets.
We visualize the confusion matrix, where the axes represent the
predicted and true labels, respectively. The label “0” denotes the
background, while the other labels follow the order specified
in the public datasets. As illustrated in Fig. 11(a), Real-Batch
demonstrates superior accuracy on the UA-DETRAC dataset.
This can be attributed to the UA-DETRAC dataset’s simpler
scenes, fewer labels, and a lower number of targets compared
to the D2-City and MOT20 datasets. Furthermore, Fig. 11(b),
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Fig. 11. PR curve and confusion matrix of the Real-Batch.

Fig. 12. Comparative analysis of predicted batch size by Real-Batch and GT.

(c) and (d) highlight that Real-Batch performs well in detecting
larger objects, such as trucks. However, its accuracy decreases
when detecting smaller objects, like pedestrians. These findings
underscore the algorithm’s effectiveness in various scenarios and
its potential areas for improvement.

D. Optimality of Dynamic Batch Size and Risk From Wrong
Size

We conduct analytics experiments to validate the effectiveness
and robustness of the dynamic batch size selection in Real-
Batch, comparing it with ground truth and other state-of-the-art
methods.

To verify the optimality of dynamic batch sizes, we cal-
culate the normalized euclidean distance between the batch
sizes selected by Real-Batch, BAS, and Batch-MOT, and the
corresponding ground truth (GT). As shown in Fig. 12(a), the
batch sizes selected by Real-Batch exhibit the smallest distance
to the GT compared to the other methods, demonstrating that its
dynamic batch size selection is closer to optimal. This indicates
that Real-Batch consistently makes better batch size decisions
than other state-of-the-art methods, validating its adaptability
and precision in real-world scenarios.

We further analyze the impact of incorrect batch sizes by
comparing performance metrics when the dynamically selected
batch size by Real-Batch deviates from the ground truth. In
Fig. 12(b) and (c), we plot the differences in performance metrics
between the batch sizes chosen by Real-Batch and the GT. The
results reveal only minor fluctuations (approximately -5% to
+5%) across all metrics when the batch size deviates slightly
from the GT. These fluctuations indicate that even when batch
sizes are not perfectly aligned with the GT, the system maintains
stable performance without significant degradation.

The experiments demonstrate that Real-Batch achieves near-
optimal performance while being robust to small deviations
in batch size selection. The dynamic adjustment mechanism
enables Real-Batch to adapt to varying conditions in real-time
without introducing significant risks or performance loss. These
findings highlight the strength of Real-Batch in balancing accu-
racy and efficiency under diverse operational scenarios.

E. Scalability of Real-Batch

We implement and evaluate the scalability of Real-Batch with
five state-of-the-art object detection algorithms and different
camera numbers to show how Real-Batch performs with dif-
ferent models and the generosity of our framework.

Faster RCNN [35] is the most classical two-stage object
detector in the field of object detection. Compared with the
one-stage object detector, this algorithm has better accuracy and
worse efficiency. DFF [5] and ATEN [36] use a similar feature
map of two adjacent frames to reduce redundant calculations
based on optical flow. Real-Batch utilizes similar proposals
to reduce redundant calculations and has a finer granularity.
RDN [37] is a video object detection algorithm based on an
attention mechanism and D&T [38] is a tracking-based video
object detection algorithm.

We use two scheduling approaches to compare with Real-
Batch. These two scheduling approaches are the most com-
mon in autonomous driving scenarios. Skipping schedule ap-
proach [15], [16], [17] always detects frames the camera has just
captured and discards existing frames. Although the deadline can
be met in time, this approach loses a lot of information. Among
these existing works, we use the dynamic frame detection [17],
as a representative of the skipping schedule approach in our eval-
uation. Keyframe schedule approach [18], [19] selects keyframes
that contain important information to detect. Compared to the
skipping schedule approach, this approach reduces information
loss, but it depends heavily on the choice of keyframes. Among
these existing works, we use the EC 2 Detect approach [19], as
the keyframe schedule approach in our evaluation.

The main experimental results are shown in Table III and
drawn by testing all video frames in the UA-DETRAC test
dataset. In Table III, we assumed that an autonomous driving
car has only one forward-looking camera and five cameras
(one forward-looking camera and four circumferential cameras),
respectively. One camera is a must for an autonomous driving
car to sense its environment, while five cameras are a basic
configuration for the L2 stage [39].
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TABLE III
PERFORMANCE COMPARISON OF REAL-BATCH AND OTHER SCHEDULE APPROACHES WITH DIFFERENT TRADITIONAL NETWORKS

From Table III, we can see that Real-Batch achieves better Ac-
curacy, FPS, MIV, and MDR than other scheduling approaches.
We find that when the number of cameras increases (that is,
more video frames arrive at the same time), Real-Batch loses
more Accuracy and MIV, but gains better FPS and MDR. This
means that Real-Batch will be more real-time as more frames
are captured.

For Accuracy, Real-Batch gets the best metrics compared to
the other two approaches, as shown in Table III. This is mainly
because Real-Batch processes more video frames by batching
and eliminating similar targets. In addition, the performance
of Real-Batch is related to the performance of the traditional
network. RDN has the highest performance among the five
traditional networks, so Real-Batch with RDN is also the best.

For FPS, Real-Batch with five traditional networks achieves
the highest efficiency compared to the other three scheduling
approaches. This is because as the number of cameras increases,
Real-Batch adapts to change batch size (Section IV-A) to process
more video frames.

For MIV, when the number of cameras increased, the per-
formance of all three scheduling approaches decreased. This
is simply because when the number of captured video frames
increases, the detection capability of the three scheduling ap-
proaches with traditional networks is limited, resulting in more
newly arrived video frames not being detected. Skipping sched-
ule approach detects video frames closest to the deadline, but
the information integrity of this approach is less than that of
Real-Batch.

For MDR, Real-Batch with Faster RCNN and DFF achieves
the best performance. Skipping schedule approach with other
traditional networks achieves the highest performance. When
the decision deadline arrives, skipping schedule approach skips
undetected video frames to avoid missing the deadline. Fur-
ther, by combining the FPS comparison, we found that faster
traditional networks get smaller MDR. This is mainly because
faster traditional networks are able to process video frames
more promptly before the deadline, thus avoiding missing the
deadline.

Generosity of Real-Batch: We can also see from the results
that Real-Batch is general enough to cooperate with different
two-stage object detection algorithms. More importantly, our

Fig. 13. Comparison of real latency and predict latency.

method is designed to seamlessly integrate with these existing
dynamic frame selection algorithms. They can be employed
as modules to determine the adaptive batch size and frame
selection criteria, serving as a foundation for Real-Batch to
further enhance detection efficiency through proposal filtering.
By combining these complementary techniques, Real-Batch can
achieve a holistic optimization of both batch composition and
proposal selection.

F. Experimental Analysis of Multiple Cameras

In this section, we analyze Real-Batch with Faster RCNN
under two conditions (one camera and five cameras). The test
set is all frames from a whole video in the UA-DETRAC dataset.

Prediction latency and accuracy of proposals: We analyze
the prediction accuracy of the Deadline-driven Adaptive Batch
Scheduling module, including latency prediction and proposal
number prediction, as shown in Figs. 13 and 14 respectively.

In Fig. 13, the abscissa is the decision timeline and the
ordinate is latency. As shown in Fig. 13(a), when the number
of cameras is 1, the curves of real latency and predicted latency
almost coincide. This means that latency prediction is relatively
accurate when the number of video frames is small in a decision

Authorized licensed use limited to: Southeast University. Downloaded on October 06,2026 at 14:45:57 UTC from IEEE Xplore.  Restrictions apply. 



LIU et al.: REAL-BATCH: REAL-TIME ADAPTIVE BATCH PROCESSING FOR ACCURATE OBJECT DETECTION 4043

Fig. 14. Experimental comparison of the number of real proposal and predict
proposal.

Fig. 15. Experimental comparison of proposal number.

process. As shown in Fig. 13(b), when the number of cameras
is 5, there is a certain deviation between the curves of real
latency and predicted latency. This is mainly because when there
is a large number of video frames in a decision process, the
batch selected by Real-Batch will change dynamically to avoid
missing the deadline. In Fig. 14, the abscissa is the decision
timeline and the ordinate is the number of proposals. Figs. 14
and 13 have similar predictions, and this further verifies the
correlation between proposal number and inference time.

Elimination of proposal number: We analyze the validity of
the Determinant Point Process-based Proposal Filter module,
as shown in Fig. 15, where ground truth represents the number
of different object IDs in the decision process.

In Fig. 15(a), the abscissa is the decision timeline, and the
ordinate corresponds from left to right to ground truth, the

Fig. 16. Experimental comparison of information value.

proposal number of Real-Batch and all proposal numbers. As
shown in Fig. 15(a), the proposal number of Real-Batch and
ground truth shows a similar trend. This verifies that Real-Batch
predicts the proposal number of the next decision and adjusts the
batch size in time. More importantly, Real-Batch can filter the
same objects in batch frames, and greatly reduce the number of
proposals to be detected, thus increasing the detection efficiency.
Compared with the original proposal number, the proposal
number of Real-Batch reduces by 3.47x at the minimum and
21.3x at the maximum. This means that the Determinant Point
Process-based Proposal Filter module improves the detection
efficiency by filtering proposals.

Compared with Fig. 15(a), when the number of cameras is
increased to 5, the efficiency improvement is small. In Fig. 15(b),
compared with original proposal number, the proposal number
of Real-Batch reduces by a minimum of 1.42× and a maximum
of 4.55 ×. This is mainly because the larger batch has led to an
increase in the proposal number of Real-Batch. Although there
is a small efficiency gain, Fig. 15(b) has a larger batch than
Fig. 15(a). Therefore, as the number of cameras increases, so
does FPS.

The information value of Real-Batch: As shown in Fig. 16,
we analyze Real-Batch schedule approach with Faster RCNN
in every decision process. In Fig. 16, the abscissa is the deci-
sion timeline, and the ordinate on the left corresponds to the
difference value between naive, skipping, keyframe schedule
approach and Real-Batch schedule approach under information
value. The right ordinate corresponds to the information value
of Real-Batch schedule approach. As shown in Fig. 16(a),
naive, skipping and keyframe schedule approaches have large
areas above the abscissa. This proves that Real-Batch schedule
approach has greater information value compared to the other
three approaches. This situation can be summarized more easily
in Fig. 16(b).
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G. Comparison of Time and Space Computational Complexity

Time complexity analysis: In the Deadline-driven Adaptive
Batch Scheduling module, we use polynomial regression to
predict the number of proposals in the next batch and dynam-
ically adjust the batch size. In detail, predicting the number
of proposals uses polynomial regression, with a complexity of
O(kn), where k is the degree of the polynomial regression, and
n is the amount of historical proposal data. For the optimization
problem of dynamically adjusting the batch size, selecting K
batch sizes incurs a constant complexity of O(K). Therefore,
the total time complexity of this module is O(n).

In the Batch Proposal Density-based Discriminator module,
we analyze the density of proposals in a batch using a normal
distribution approximation and classify them into sparse, nor-
mal, or dense categories. In detail, this module simple linear
relationships to construct the process, with a complexity of
O(m). Therefore, the total time complexity of this module is
O(m).

In the Determinant Point Process-based Proposal Filter mod-
ule, we construct a similarity matrix for proposals and select a
subset of proposals using DPP, accelerated by Cholesky decom-
position. In detail, first, during the matrix construction phase, we
compute the similarity matrix L for the proposals, with a size
of m×m, resulting in a complexity of O(m2). When using the
DPP to select proposals, a greedy algorithm is applied to select
subsets, with a theoretical complexity of O(m3), as multiple
determinant calculations are required for m×m matrix. How-
ever, with Cholesky decomposition introduced, the complexity
is reduced to O(m2) for each iteration. The total complexity
becomes O(hm2), where h is the number of iterations of the
greedy selection, which is generally much smaller than m.
Therefore, the time complexity of this module is O(m2).

The overall time complexity of Real-Batch is O(m2), where
m is the number of proposals in a batch.

Space complexity analysis: In the Deadline-driven Adaptive
Batch Scheduling module, we require storing the number of
proposalsn over a period of time for polynomial regression, with
a complexity of O(n). Additionally, we also store the batch size
used for the next decision, which incurs a space complexity of
O(1). Therefore, the space complexity for this module is O(n).

In the Batch Proposal Density-based Discriminator module,
for each proposal, we need to store its coordinate information
and score, which takes up O(m) space, where m is the number
of proposals per frame in current times. In addition, storing
the parameters of normal distribution and density classification
results (where proposals are classified as sparse, normal, or
dense scenes) only requires constant space. Therefore, the space
complexity for this module is O(m).

In the Determinant Point Process-based Proposal Filter mod-
ule, we construct and store a similarity matrix for proposals,
with size m×m, resulting in a space complexity of O(m2)..
Each proposal’s feature vector requires storage. For instance, if
each vector has d dimensions (e.g., 1024), the feature storage
cost is O(md). The score of proposals also needs storage,
contributing O(m). During the proposal filtering process, the
selected proposal set Y ∗ (size h, generally h� m) and updates

to the matrix during Cholesky decomposition add negligible
overhead, contributingO(mh). Therefore, the space complexity
for this module is O(m2 +md+mh).

By combining the space complexity of all modules, the overall
space complexity of the Real-Batch is O(n+m+m2 +md+
mh). Simplifying under the assumption d and h are fixed, the
overall space complexity approximates to O(m2 +md).

Based on all the previous analyses, the time and space com-
plexity of the Real-Batch are O(m2) and O(m2 +md), respec-
tively, where m is the number of proposals in a batch and d is
the feature dimension of each proposal.

VII. DISCUSSION

In this section, we discuss important open issues of Real-
Batch.

Incomplete adaptability of one-stage object detection algo-
rithm: One-stage object detection algorithms, such as YOLO
and SSD, do not generate proposals, making them incompatible
with the full Real-Batch framework. To address this, we de-
sign a limited version of Real-Batch that incorporates only the
Deadline-driven Adaptive Batch Scheduling module. While this
adaptation demonstrates some improvement in real-time perfor-
mance, it cannot leverage the full potential of proposal-based fil-
tering. However, it is worth noting that one-stage object detection
algorithms are inherently designed for scenarios where speed is
prioritized over accuracy. Compared with the one-stage detec-
tion algorithm, the two-stage detection algorithm with higher
accuracy is more suitable for safety-critical scenarios. Thus, the
absence of full compatibility with one-stage algorithms is less
impactful in these critical scenarios.

The industrial significance of the Real-Batch: The Real-Batch
demonstrates significant potential in the domain of autonomous
driving, particularly in real-time object detection for Advanced
Driver Assistance Systems (ADAS). For example, it can be
integrated into collision avoidance systems to enhance real-time
responsiveness and reduce redundant detection, ensuring the
vehicle can react swiftly in high-density traffic environments.
Studies [40], [41], [42], [43] have highlighted the critical need
for efficient object detection modules in these systems, and our
method addresses these requirements by improving computa-
tional efficiency without compromising accuracy.

Additionally, Real-Batch can be adapted for use in video-
based traffic monitoring systems deployed in smart cities. By
processing video frames in batches and filtering redundant
objects, it can streamline the detection pipeline, enabling the
system to analyze high-traffic zones more effectively. This in-
tegration aligns with the goals of improving urban traffic flow
and reducing congestion, as discussed in [44], [45], [46]. Our
method could, for instance, enhance the module responsible for
detecting and predicting vehicle movements, resulting in better
traffic management outcomes.

The risk factors of Real-Batch: One of the primary risk factors
is the possibility of filtering out important candidate bounding
boxes during the processing of a single video frame. While
this adaptive approach enhances efficiency, it may occasionally
result in missing key targets within that specific frame. However,
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due to the nature of video systems, the same target is often visible
in adjacent frames. As a result, our system has the capability to
detect and recover these missed targets from subsequent frames,
thereby reducing the overall impact of this issue on detection
performance. This temporal redundancy inherent in video data
helps to mitigate the risks associated with filtering errors.

Hyperparameters setup of Real-Batch: The hyperparameters
ε1, ε2, ε3 determine the number of selected proposals in De-
terminant Point Process-based Proposal Filter module. The
larger the threshold is, the more proposals are filtered out for
efficiency. When the number of filtering proposals increases,
although the efficiency is improved, the accuracy is decreased.
We adjust the thresholds by leveraging under different scenarios
(i.e., sparse, normal, and dense real-world scenarios), which
makes the thresholds more robust and can be adapted to differ-
ent two-stage object detection algorithms. In our experiments
with Real-Batch, we obtained the best results using ε1 = 0.08,
ε2 = 0.05, and ε3 = 0.01, after systematically tuning ε1, ε2, and
ε3 within the range [0.01, 0.1] with a step size of 0.01.

VIII. RELATED WORK

Object detection algorithms and optimization: Existing object
detection algorithms rely on deep convolutional neural net-
works. According to their network structure, they are divided
into two categories, one-stage and two-stage. The former is
faster because it directly calculates the image to obtain the
object. Representative work includes SSD [47], YOLO [48] and
RetainNet [49], etc. The latter is pioneered by RCNN [50],
which is a region-based network and has a higher accuracy,
such as Fast RCNN [51], Faster RCNN [35]. In vision-based
autonomous driving, perception data is typically captured in the
form of video frames, so video object detection [7], [37], [52] is
also commonly used in autonomous driving environments. This
method improves the accuracy and efficiency of object detection
by fusing features from multiple video frames.

The real-time performance of one-stage object detection algo-
rithms and the high accuracy of two-stage object detection algo-
rithms are both essential in autonomous driving environments.
Therefore, in recent years, a significant amount of work has
focused on improving detection accuracy while meeting real-
time requirements [53], [54], [55], [56]. WAVE [53] shortens
inference time through Region of Interest encoding to adapt
to resource-constrained edge devices. Ma et al. [54] enhance
the generalization capability of object detection algorithms for
unseen objects under various scenarios. RT-DETR [55] and
YOLOH [56] modify model architectures and loss functions to
ensure both efficiency and accuracy in object detection.

The aforementioned works require modifications to loss func-
tions and retrain model architecture when balancing efficiency
and accuracy, reducing their plug-and-play adaptability across
different systems. In contrast, the Real-Batch seamlessly inte-
grates with existing two-stage detection frameworks as middle-
ware, providing a flexible and scalable solution. Additionally,
Real-Batch optimizes the demands for both efficiency and ac-
curacy by adaptively selecting batches and eliminating similar
objects within a batch of video frames.

Object detection systems scheduling optimization: To im-
prove the efficiency of object detection on resource-constrained
autonomous vehicles, some studies offload video frames to edge
servers for processing [46], [57], [58], [59]. AdaptSLAM [57]
and STAC [58] select a subset of key frames to adapt to video
content in mobile devices and edge servers under resource
constraints. Edgeduet [46] enhances the edge device collabo-
ration framework for small object detection through tile-level
parallelism to achieve high accuracy and low latency. However,
these methods rely on a stable and low-latency connection
between autonomous vehicles and edge servers, which may
not always be feasible in highly dynamic autonomous driving
environments.

A hard deadline is established for object detection in au-
tonomous driving. To avoid missing this deadline, existing work
accelerates the efficiency of object detection by optimizing
scheduling algorithms. Batch-MOT [32] supports two types of
pipeline execution, providing strict timing guarantees for batch
DNN execution across multiple tasks. RT-MOT [33] considers
various combinations of various detection and tracking models
to reduce execution time. Skipping [15], [16], [17] and keyframe
scheduling [18], [19], [34] optimize frame selection strategies
by discarding certain video frames, thereby avoiding missed
deadlines and ensuring efficient object detection. Although these
methods avoid missing deadlines to some extent, they do not
account for significant fluctuations in object density and work-
load, making it difficult to adapt to the variability of autonomous
driving.

Unlike the aforementioned works, Real-Batch operates inde-
pendently of edge infrastructure and runs entirely on the vehicle,
eliminating reliance on external infrastructure. This makes it
more robust in scenarios where network connections are unstable
or unavailable. Additionally, Real-Batch allows to dynamically
adjust batch size based on real-time workload changes. This
adaptability ensures efficient detection and timely responses,
even in highly variable autonomous driving environments.

IX. CONCLUSION

This work proposes a novel and fast video frame batch
detection method by reducing redundant computation for the
same object. Real-Batch aims to effectively package a batch
of video frames by intelligently scheduling frames and filtering
redundant objects based on the contextual relationships between
video frames. In order to overcome the complex environment of
autonomous driving, we differentiate video frames and perform
object detection by cases. We model the relationship between
proposals, and propose a fast solution algorithm to extract the
optimal subset of proposals. We evaluate Real-Batch based on
real-world datasets. Experimental results show that Real-Batch
achieves better accuracy and real-time performance.
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