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Object detection is a critical component in the development of autonomous

driving technology and has demonstrated significant growth potential. To

address the limitations of current techniques, this paper presents an improved

object detection method for autonomous driving based on a detection

transformer (DETR). First, we introduce a multi-scale feature and location

information extraction method, which solves the inadequacy of the model

for multi-scale object localization and detection. In addition, we developed

a transformer encoder based on the group axial attention mechanism. This

allows for e�cient attention range control in the horizontal and vertical

directions while reducing computation, ultimately enhancing the inference

speed. Furthermore, we propose a novel dynamic hyperparameter tuning

training method based on Pareto e�ciency, which coordinates the training state

of the loss functions through dynamic weights, overcoming issues associated

with manually setting fixed weights and enhancing model convergence speed

and accuracy. Experimental results demonstrate that the proposed method

surpasses others, with improvements of 3.3%, 4.5%, and 3% in average precision

on the COCO, PASCAL VOC, and KITTI datasets, respectively, and an 84%

increase in FPS.

KEYWORDS

object detection, feature extraction, transformer encoder, loss function, parameter

tuning

1 Introduction

Autonomous driving technology utilizes a combination of sensor technology, artificial

intelligence, big data analysis and processing, and computer vision to enable computers

to safely drive vehicles with partial or unmanned intervention. Object detection plays

a crucial role in recognizing targets during autonomous driving and assists the central

control system in providing necessary driving commands.

In autonomous driving scenarios, objects such as vehicles, pedestrians, and traffic signs

are distributed across multiple scales depending on their distance. Distant pedestrians

and traffic signs often appear as small targets, while nearby vehicles dominate the frame

as large targets. Object size and appearance vary significantly due to differences in

distance and angle. Multi-scale feature extraction addresses this challenge by capturing

multi-level features simultaneously, enhancing the robustness of detecting objects across

various scales (Lin et al., 2017). Additionally, complex backgrounds such as buildings

and trees often interfere with object detection, while the dynamic nature of targets’

such as moving pedestrians and vehicles’ further complicates the task. Transformer-based
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FIGURE 5

Illustration of functions and algorithm.

FIGURE 6

Illustration of angle cost.

FIGURE 7

Illustration of distance cost.

2.3.1.1.2 Distance cost

As demonstrated in Figure 7, when the prediction box and

ground truth box are aligned either horizontally or vertically but

remain significantly apart, it is crucial to impose a constraint on

their separation distance. Building on the angle cost, the distance

cost is defined by Equations 15, 16:

1 =
∑

t=x,y

(

1− e−γ ρt
)

(15)

ρx =

(

b
gt
cx − bcx
cw

)2

, ρy =

(

b
gt
cy − bcy

ch

)2

, γ = 2− 3 (16)

where the width and height of the outer rectangle are represented

by cw and ch for the prediction box and ground truth box,

respectively. γ is utilized to regulate the impact of the angular loss

on the distance cost.

2.3.1.1.3 Shape cost

Shape loss describes the similarity between the shapes of the

prediction box and ground truth box, as defined in Equations 17,

18:

� =
∑

t=w,h

(

1− e−ωt
)θ

(17)

ωw =

∣

∣w− wgt
∣

∣

max
(

w,wgt
) ,ωh =

∣

∣h− hgt
∣

∣

max
(

h, hgt
) (18)

where (w, h) and (wgt , hgt) denote the width and height of the

ground truth box and prediction box, respectively. The value of θ

indicates the degree of shape control, where a smaller θ indicates a

higher degree of control; typically, θ ∈ [2, 6].

2.3.1.1.4 IoU cost

The IoU quantifies the extent of overlap between the predicted

bounding box and actual ground truth box. IoU loss is defined as

follows:

IoU =

∣

∣B ∩ BGT
∣

∣

∣

∣B ∪ BGT
∣

∣

(19)

where B ∩ BGT denotes the overlapping area of the prediction box

and ground truth box, and B ∪ BGT denotes the concurrent area of

the prediction box and ground truth box. SIoU loss is defined by

Equation 20:

Lsiou = 1− IoU +
1 + �

2
(20)

2.3.1.2 Focal loss

Focal loss aims to enhance the focus on challenging samples by

reducing the weight of easy-to-classify samples and amplifying the

weight of difficult-to-classify samples, as defined in Equations 21,

22:

pt

{

p, y = 1

1− p, others
(21)

Focalloss(pt) = −αt(1− pt)
γ log(pt) (22)

where p represents the probability of the model output, y denotes

the true label, and γ is the weight factor.
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2.3.1.3 Smooth-L1 loss

The Smooth-L1 loss function combines the advantages of the L1

and L2 losses, with a smooth and robust training process, defined as

LSmooth−L1

(

b
gt
i , b̂i

)

=







1
2

∑N
i=0

(

b
gt
i − b̂i

)2
, if

∣

∣

∣
b
gt
i − b̂i

∣

∣

∣
< 1

∑N
i=0

∣

∣

∣
b
gt
i − b̂i

∣

∣

∣
− 0.5, other

(23)

where b
gt
i denotes the position coordinates of the i-th ground

truth box, and b̂i denotes the position coordinates of the i-th

prediction box.

2.3.1.4 Overall loss function

In summary, the function is defined as

L = w1Lcls + w2Lsiou + w3LSmooth−L1 (24)

where Lcls denotes the category focal loss, Lsiou denotes SIoU loss,

LSmooth−L1 denotes Smooth-L1 loss, and w1, w2, w2 and are the

respective weight parameters.

2.3.2 Algorithm of dynamic hyperparameter
tuning training method based on Pareto
e�ciency
2.3.2.1 Pareto e�ciency and loss functions

Pareto efficiency is a concept in multi-objective optimization.

To minimize a set of objective functions f1, ..., fK in a given system,

Pareto efficiency is a state in which it is impossible to improve one

objective without hurting others.

Definition 1. To minimize objectives, denote the outcomes of two

solutions by si = [f i1, ..., f
i
K] and sj = [f

j
1, ..., f

j
K], where si dominates

if and only if f i1 ≤ f
j
1, f

i
2 ≤ f

j
2, ..., f

i
K ≤ f

j
K .

Definition 2. A solution si = [f i1, ..., f
i
K] is Pareto efficient if no

other solution sj = [f
j
1, ..., f

j
K] dominates si.

Our goal is to discover Pareto efficient solutions. It is important

to recognize that these solutions are not unique, leading to the

establishment of the Pareto frontier. In summary, the training of

object detection loss functions can be viewed as an optimization

task involving the minimization of multiple loss functions. As

illustrated in Figure 5, a set of weights, denoted as w, is determined

to enable Pareto efficiency to be achieved by the loss functions. By

iteratively solving for these weights w during the training process,

we can continually and effectively optimize the objectives.

2.3.2.2 Conditions of the algorithm

It is assumed that there areK differentiable loss functionsLi(θ),

where θ denotes the model parameters in the object detection

model F(θ), ∀i ∈ {1, ...,K}. The K loss functions correspond to the

K objectives to be optimized, and multiple objectives are merged

into a single one by setting a scalarization weight for the objectives,

as shown in Equation 25:

L(θ) =

K
∑

i=1

ωiLi(θ) (25)

where
K
∑

i=1
ωi = 1, ωi ≥ 0 , ∀i ∈ {1, ...,K}. Boundary constraints of

ωi on ci are set as ωi ≥ ci,
K
∑

i=1
ci ≤ 1,ci ∈ [0, 1], ∀i ∈ {1, ...,K}.

To obtain Pareto efficient solutions, the aggregated objective

loss function must be minimized, and the model parameters should

satisfy the KKT (Chen, 2022) condition such that Equations 26, 27

are satisfied:

K
∑

i=1

ωi = 1, ∃ωi ≥ ci, i ∈ {1, ...,K} (26)

K
∑

i=1

ωi∇θLi(θ) = 0 (27)

where ∇θLi(θ) represents the gradient of Li. Considering the

specific problem to be solved, we transform the KKT condition is

as follows:

min .

∥

∥

∥

∥

∥

K
∑

i=1

ωi∇θLi (θ)

∥

∥

∥

∥

∥

2

2

s.t.

K
∑

i=1

ωi = 1,ωi ≥ ci, ∀i ∈ {1, . . . ,K}

(28)

A solution satisfying Equation 28 is a Pareto efficient solution.

It has been demonstrated that these solutions result in gradient

directions that minimize all loss functions (Sener and Koltun,

2018).

2.3.2.3 Framework of the algorithm

The framework begins with a uniform scalarization weight

and proceeds by alternately updating the weights and model

parameters. An optimizer is then utilized to ensure that the model

converges effectively. As shown in Table 1 and Algorithm 1, the key

part of the algorithm is to solve for conditionally generated weights

for Pareto efficiency.

According to Equation 28, the problem is transformed into a

quadratic programming algorithm by denoting ω̂i as ωi − ci, and

the Pareto efficiency condition becomes

min .

∥

∥

∥

∥

∥

K
∑

i=1

(ω̂i + ci)∇θLi (θ)

∥

∥

∥

∥

∥

2

2

s.t.

K
∑

i=1

ω̂i = 1−

K
∑

i=1

ci (29)

The Pareto efficiency condition is equivalent to Equation 29.

However, addressing the issue at hand is not straightforward,

given its quadratic programming structure. Initially, we opt to ease

these limitations by focusing solely on the equation restrictions.

Subsequently, we implement a projection technique that produces

effective outcomes from the viable set that encompassed all

restrictions. When all other constraints are omitted except for the

equational constraints, as shown in Equation 30, the solution is

given by Theorem 1.

min .

∥

∥

∥

∥

∥

K
∑

i=1

(ω̂i + ci)∇θLi (θ)

∥

∥

∥

∥

∥

2

2

s.t.

K
∑

i=1

ω̂i = 1−

K
∑

i=1

ci (30)

THEOREM 1. The solution to Equation 30 is ω̂∗ =
(

(

M⊤M
)−1

Mz̃
)

[1 :K] where G ∈ RK×m is the stacking matrix of

∇θLi(θ), e ∈ RK is the vector whose elements are all 1, C ∈ RK
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TABLE 1 Notations and description.

Notations Description

F (θ) The object detection model

θ The model parameters

Li (θ) The loss function of for i-th objective

ωi The weight of i-th objective for scalarization

ci The boundary constraint for i-th objective

∇θLi (θ) The gradient of lossLi (θ)with respect of θ

G The stacking matrix of ∇θLi (θ)

e The vector whose elements are all 1

Input: The loss functions of multiple objectives

correspondingly: Li (θ),∀i ∈ {1, · · · ,K}; the

scalarization of weights initialized uniformly:

ωi = 1
K
,∀i ∈ {1, · · · ,K}: The bounds for the

objectives:ci, ∀i ∈ {1, · · · ,K};

Output: The model parameters: θ;

1: Get the single aggregated objective functions:

L (θ) =
K
∑

i=1

ωiLi (θ);

2: for each batch do

3: Optimize L (θ) with the optimizer and update the

F (θ) parameters: θ;

4: The problem to be solved as Equation 30;

5: Use Theorem 1 to obtain solutions to

Equation 30;

6: The weights are derived through Equation 31:

ωi, · · · ,ωk;

7: Aggregated the objectives: L (θ) =
K
∑

i=1

ωiLi (θ)

8: end for

Algorithm 1. Dynamic hyperparameter tuning training method based on

Pareto e�ciency.

is the concatenated vector of ci, and Z̃ ∈ RK is the concatenated

vector of−GG⊤c and 1−
K
∑

i=1
ci andM =

(

GG⊤ e

e 0

)

.

During the solution process, the inverse operation of the

matrix is negligible because the number of loss functions for

object detection is small. However, the solution ω̂∗ of Equation 30

may be invalid because the non-negative constraints are ignored.

Therefore, we obtain an effective solution using the projection

method, as shown in Equation 31:

min .
∥

∥ω̃ − ω̂∗
∥

∥

2

2
s.t.

K
∑

i=1

ω̂i = 1, ω̃i ≥ 0, ∀i ∈ {1, ...,K} (31)

Equation 31 represents a non-negative least squares problem,

which can be easily solved using the active set method (Arnström

and Axehill, 2021).

2.4 Summary

In the previous section, we presented three aspects of the

improvement approach for unmanned object detection. First,

we introduced an architecture to solve the insufficiency of

the model for multi-scale object localization and detection.

Subsequently, we developed a transformer encoder with group

axial attention to reduce computation and enhance the inference

speed. Finally, we presented a novel training technique that

utilizes dynamic hyperparameter tuning inspired by the principle

of Pareto efficiency. By dynamically adjusting the weights to

align the training states of different loss functions, this approach

effectively addresses issues related to manually assigning fixed

weights. As a result, it enhances both the speed and accuracy of

model convergence.

3 Experimental results and analysis

3.1 Setups

3.1.1 Dataset
Dataset 1 was selected from the COCO 2017 (Lin et al., 2014)

dataset with category objectives related to autonomous driving,

consisting of 10 categories, 35,784 images for training, and 2431

images for validation. Dataset 2 combines the original categories

from the PASCAL VOC 2012 (Everingham et al., 2010) dataset,

which include Person, Car, Train, Motorcycle, Bicycle, and Other,

with 11,540 images for training and 2913 images for validation.

Dataset 3 is sourced from the KITTI professional autonomous

driving dataset (Geiger et al., 2013), primarily including categories

such as Car, Pedestrian, Cyclist, Van, Truck, and Tram, with 7,481

images for training and 7,518 images for validation.

3.1.2 Evaluation metrics
The experimental evaluation metrics were AP, FPS, and

GFLOPs. FPS and GFLOPs denote the inference speed and

computation of the model, respectively. Specifically, APS and APM
denote the AP for small- and medium-sized objects, respectively.

AP is the area under the precision-recall (PR) curve, and precision

(P) and recall (R) are calculated using Equations 32, 33:

P =
TP

TP + FP
(32)

R =
TP

TP + FN
(33)

where TP, FP, and FN denote the accurately recognized positive

samples, erroneously recognized positive samples, and erroneously

recognized negative samples, respectively. Mean average precision

(mAP) can be computed by taking the average of the AP values

across different categories, as illustrated in Equations 34, 35:

AP =

∫ 1

0
P(R)dR (34)

mAP =
1

n

n
∑

i=1

APi (35)
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FIGURE 8

(A) The result of the number of CA modules. (B) The result of the number of scales.

In the context of object detection, the average precision

(AP) is calculated across different Intersection over Union (IoU)

thresholds ranging from 0.5 to 0.95 with increments of 0.05. When

the IoU threshold is specifically set at 0.5, it is denoted as AP50.

The mAP is then computed as the average of the AP values for

each category in the dataset. Therefore, all individual AP values

mentioned correspond to the overall mAP.

3.1.3 Implementation details
The model was trained on an NVIDIA V100 GPU. In each

stage the multi-scale feature and location information extraction

method (MLEM), N was set to 3, 4, 6, and 3 correspondingly. The

Adam optimizer was used for all experiments: initial_learning_ rate

= 0.0005, weight_decay = 0.0001, and batchsize = 8.

3.2 Analysis of model parameters

3.2.1 Parameter analysis of multi-scale feature
extraction module

To explore the effect of the scale n on this approach, n was set

as a scale control parameter. Six experiments were designed with

n = 1, 2, 3, 4, 5, 6. n = 1 represents a scale of one with no multi-

scale fusion. Similarly, n = 2 represents a scale of 2, and the data

are divided into two parts for multi-scale fusion. We adopted AP,

APM, and APs as indicators, as shown in Figure 8.

The experimental results show that the multi-scale fusion

operation has a significant effect on APS. An increase of n indicates

that the number of different scales of the feature map fusion

increases, and all show an upward trend. When n = 4, the multi-

scale effect is obvious and optimal. When n = 5 or 6, the value

of AP decreases slightly. Probably owing to limitations on the

image size, the multi-scale feature extraction ability remains almost

unchanged. However, an excessive number of branches can lead to

a model degradation.

3.2.2 Parameter analysis of coordinate attention
module

To investigate the effects of the CAmodule on the experiments,

k was set as the experimental parameter. Five experiments were

designed with k = 0, 1, 2, 3, 4. There are four stages: k = 0 denotes

no use of CA, k = 1 denotes that the module is deployed in stage

1, k = 2 denotes that the module is deployed in the first two stages,

etc. We adopted AP as an indicator, as shown in Figure 8.

The experimental results show that the CA module effectively

improves the AP compared with the case of k = 0. Building on

the multi-scale feature maps obtained in the previous stages helps

further improve the effectiveness of CA in later stages. When k = 1

or 2, shallow features, such as space and details, are retained, which

helps improve the AP. When k = 4, the enhancement effect of AP

is weakened, but AP reaches its peak.

3.2.3 Parameter analysis of group axial attention
layer

To investigate the effect of the attention range s on the feature

map in the group axial attention layer, we set the number of

encoders n = 6, the attention layer in the encoder adopts a single

attention range for each encoder to the feature map, si denotes

the i-th range combination, s0 denotes the original method, s1 =

[1, 1, 1, 1, 1, 1], s2 = [2, 2, 2, 2, 2, 2], s3 = [1, 1, 1, 2, 2, 2], s4 =

[1, 1, 2, 2, 4, 4], s5 = [1, 1, 2, 2, 6, 6], s6 = [2, 2, 4, 4, 6, 6], and we

performed seven experiments, as shown in Figure 9.

When s0 becomes s1, the AP gradually increases. When the

attention range is s2 the accuracy is further improved, probably due

to the expansion of the attention calculation range. As the encoders

continue to stack, the image feature level continuously increases.

However, s1 and s2 do not take this case into account. From s3 to

s6, the attention range increases. In the early stages, the smaller

attention range facilitates learning of the local details of the image.

In the later stages, a larger range is more conducive to learning the

global information of the image. Therefore, s3 from to s5, APM is
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FIGURE 9

(A) Result of the range of group axial attention layer. (B) Result of the window size of window axial group attention.

TABLE 2 Ablation experiments number and results.

ID MLEM TEGA DHMP AP AP50

Exp.1 0.519 0.721

Exp.2 X 0.535 0.723

Exp.3 X 0.528 0.725

Exp.4 X 0.525 0.734

Exp.5 X X 0.541 0.736

Exp.6 X X 0.543 0.733

Exp.7 X X 0.539 0.737

Exp.8 X X X 0.552 0.741

TABLE 3 Ablation experiments number and results.

ID WGA Dataset
1

Dataset
2

FPS
(p = 4)

FPS
(p = 8)

Exp.1 X 40 40

Exp.2 X 41 41

Exp.3 X X 46 44

Exp.4 X X 45 43

significantly improved compared to the cases of s1 and s2, and the

AP reaches its best for s5. Comparing s6 and s1, it can be observed

that a larger attention range is more favorable for targets at the

medium scale.

3.2.4 Parameter analysis of window group axial
attention

To explore the effect of window size on window group axial

attention, we set the window size p as the experimental parameter,

adjusted the size of the feature map toW = H in the encoder group

FIGURE 10

Comparison of accuracy trends before and after improvement.

axial attention layer, set the number of encoders to n = 6, and the

attention range of the feature map in the group axial attention layer

in each encoder was set to s5 = [1, 1, 2, 2, 6, 6], where p = 0 denotes

no window partition, p = 1 denotes a partition size of 1 × 1, etc.

Five experiments were conducted, as shown in Figure 9.

It follows that dividing the attention range within a fixed

window can further reduce the computational complexity. When

p = 4, the window size is smaller, the computation complexity is

minimized, and the FPS increases; however, this will have a greater

impact on dividing the attention region, which will lead to a lower

AP. When p is larger, the impact on the operation of dividing the

attention region is reduced, and although the individual window

complexity increases, it leads to further increases in FPS and AP.
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TABLE 4 The results of comparison.

Model AP AP50 APS Epoch GFLOPs Params

YOLOv6 (Li et al., 2023) 0.542 0.727 0.327 100 150 59M

YOLOv7 (Wang et al., 2023) 0.546 0.733 0.331 100 104 36M

YOLOv8 (Talaat and ZainEldin, 2023) 0.551 0.739 0.350 100 165 43M

DETR (Carion et al., 2020) 0.519 0.720 0.291 110 187 41M

H-DETR (Zong et al., 2023) 0.539 0.732 0.332 70 268 42M

Anchor-DETR (Li et al., 2022) 0.521 0.721 0.294 80 172 39M

Deformable-DETR (Zhu et al., 2020) 0.539 0.726 0.316 50 173 40M

DAB-DETR (Liu et al., 2022) 0.543 0.732 0.325 50 256 44M

DN-Deformable-DETR (Li et al., 2022) 0.545 0.731 0.327 50 265 48M

DINO-DETR (Zhang et al., 2022) 0.550 0.737 0.332 25 279 47M

Proposed method 0.552 0.741 0.336 40 161 37M

Bold values indicate the best or second-best values.

TABLE 5 The results of comparison.

Model AP AP50 APS Epoch GFLOPs Params

YOLOv6 (Li et al., 2023) 0.571 0.672 0.316 100 150 59M

YOLOv7 (Wang et al., 2023) 0.473 0.676 0.319 100 104 36M

YOLOv8 (Talaat and ZainEldin, 2023) 0.477 0.678 0.323 100 165 43M

DETR (Carion et al., 2020) 0.433 0.643 0.251 110 187 41M

H-DETR (Zong et al., 2023) 0.443 0.653 0.268 70 268 42M

Anchor-DETR (Li et al., 2022) 0.438 0.652 0.256 80 172 39M

Deformable-DETR (Zhu et al., 2020) 0.461 0.663 0.273 50 173 40M

DAB-DETR (Liu et al., 2022) 0.465 0.669 0.278 50 256 44M

DN-Deformable-DETR (Li et al., 2022) 0.469 0.673 0.309 50 265 48M

DINO-DETR (Zhang et al., 2022) 0.475 0.678 0.318 25 279 47M

Proposed method 0.478 0.687 0.321 35 161 37M

Bold values indicate the best or second-best values.

TABLE 6 The results of comparison.

Model AP AP50 APS Epoch GFLOPs Params

YOLOv6 (Li et al., 2023) 0.546 0.745 0.347 100 150 59M

YOLOv7 (Wang et al., 2023) 0.548 0.766 0.352 100 104 36M

YOLOv8 (Talaat and ZainEldin, 2023) 0.554 0.821 0.403 100 165 43M

DETR (Carion et al., 2020) 0.526 0.722 0.286 110 187 41M

H-DETR (Zong et al., 2023) 0.539 0.732 0.332 70 268 42M

Anchor-DETR (Li et al., 2022) 0.537 0.729 0.327 80 172 39M

Deformable-DETR (Zhu et al., 2020) 0.541 0.736 0.349 50 173 40M

DAB-DETR (Liu et al., 2022) 0.545 0.739 0.353 50 256 44M

DN-Deformable-DETR (Li et al., 2022) 0.549 0.811 0.364 50 265 48M

DINO-DETR (Zhang et al., 2022) 0.553 0.819 0.381 25 279 47M

Proposed method 0.556 0.823 0.397 35 161 37M

Bold values indicate the best or second-best values.
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3.3 Ablations

Ablation experiments were conducted to evaluate the

effectiveness of the proposed method. We trained our model on

the COCO dataset and ensured that the experimental conditions

were consistent. Exp. 1 represents the baseline, based on which we

adopted the MLEM the transformer encoder based on the group

axial attention mechanism (TEGA), and dynamic hyperparameter

tuning training method based on Pareto efficiency (DHMP). A

total of eight ablation experiments were performed, as shown in

Table 2. Exp. 2 shows that the addition of MLEM resulted in a

1.6% increase in AP over DETR, demonstrating that multi-scale

features have a more significant impact on the results. Exp. 3 shows

that after adding TEGA, AP is improved by 0.9% compared to

DETR, and compared to MLEM, the improvement is minimal,

which indicates that the accuracy of the detection may depend

on the pre-processing of the features; however, other experiments

demonstrated that encoders have a material impact in terms of

reducing model complexity and increasing inference speed. Exp.

3 shows that adding DHMP can make the model converge with

a higher accuracy. A comparison of the results of Exps. 5–7 with

those of Exp. 8, respectively, shows that each improvement is

necessary to improve detection. Exp. 8 shows that applying all

three improvements simultaneously significantly improves the

accuracy, with a 2.4% improvement in AP.

As shown in Table 3, we conducted several groups of ablation

experiments to demonstrate the effectiveness of Window G-

Attention (WGA). Dataset 1 and Dataset 2 represent the COCO

and PASCAL VOC datasets, respectively. Exp. 1 refers to the

improved method without using WGA. By comparing the results

of Exps. 1 and 3, as well as Exps. 2 and 3, we conclude that WGA

contributes to improving FPS. It is worth noting that the degree

of FPS improvement achieved by WGA varies across different

datasets, which we believe is related to the distribution of objects

within the images. In addition, we observed that the smaller the

window size p of WGA, the lower the computational complexity

and the higher the FPS, which is consistent with the conclusion we

reached in the article.

Figure 10 reflects the accuracy trends before and after the

improvement in the algorithm. The original method still has no

convergence trend over 50 epochs, the AP and AP50 increase

slowly, and the accuracy only reaches approximately 50% that

of our method after 25 epochs, and the accuracy only reaches

approximately 5% that of our method after 25 epochs. The accuracy

of our method increased faster in the early stages of training, with

AP and AP50 reaching 0.535 and 0.735, respectively, at epoch 20,

which was higher than the accuracy of DETR at epoch 50. After 25

epochs, our method converges, indicating that DLMP is effective,

and AP and AP50 finally reach 0.552 and 0.743, respectively.

3.4 Comparison with other methods

In this section, we compare our method with current

mainstream algorithms on the COCO, PASCAL VOC and KITTI

datasets, as shown in Tables 4–6. As shown in Table 4, the AP of our

method is 0.552, and its AP50 is 0.741; both are the best, although

FIGURE 11

Results of comparison.

FIGURE 12

Comparison of FPS with di�erent algorithms.

APS is 1.4% lower than that of YOLOv8, and the actual epochs

required for training are less than for YOLOv8. Compared with

DN-Deformable-DETR and DINO-DETR, the proposed method

maintains APS at the same level as the former and 0.4% higher

than the latter while significantly reducing the GFLOPS and

params. Compared to DETR, our method reduces the number of

parameters by approximately 10% and improves the AP, AP50, and

APS by 3.3%, 2.1%, and 4.5%, respectively, which is advantageous

for DETR-like models.

Table 5 shows the experimental results of the different methods

on PASCAL VOC. The AP of our method is 0.477, which is

only lower than that of YOLOv8. The proposed method reaches

convergence in 35 epochs, which is only higher than that of DINO-

DETR, showing good convergence speed and more satisfactory

detection accuracy.
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FIGURE 13

Visualization of the proposed method compared with current methods in suburban road scenes.

FIGURE 14

Visualization of the proposed method compared with current methods in suburban street scenes.

Table 6 shows the results of different methods on the KITTI

dataset. Our proposed method achieves the highest AP value of

0.556, representing a 3% improvement compared to the baseline

method. Our method converges within 35 epochs, second only

to DINO-DETR. In terms of APS evaluation, our method is only

slightly behind YOLOv8 and is nearly on par with it, while having

fewer model parameters and lower computational complexity.

The convergence of the different algorithms during training

is shown in Figure 11. The training of the proposed method

essentially converged in fewer than 45 epochs, which is a

remarkable improvement over DETR and YOLOv8. DINO-DETR

converges in the 25th epoch, but in actual training, owing to its high

complexity, the actual training of an epoch is approximately three

times as long as that of the proposed method.

Figure 12 shows the relationship between the model

computation GFLOPs and FPS and test images from the COCO

and PASCAL VOC datasets, with an image size of 900 × 900. The

proposed method had the smallest GFLOPs and best FPS in the

DETR series. Version v1 uses Window G-Attention, and there is

still a large gap in the FPS compared to YOLOv8; however, the FPS

is improved by 84% compared to DETR.

In conclusion, the proposed method demonstrates robust

performance across three distinct datasets. First, the AP values

underscore the superior detection accuracy of the method,
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FIGURE 15

Visualization of the proposed method compared with current methods in suburban road scenes.

effectively identifying objects of varying scales in autonomous

driving scenarios, including obstacles, vehicles, pedestrians, and

traffic lights. Second, considering the inherent constraints of

computational resources and energy consumption in autonomous

driving hardware, our model is designed to minimize parameter

size while achieving notable computational efficiency compared to

mainstream object detection algorithms. With respect to the FPS

metric, our method achieves the best performance among DETR-

based algorithms, satisfying the stringent real-time detection

requirements of autonomous driving systems. Furthermore, the

proposed model is implemented using the PyTorch framework,

ensuring seamless deployment on vehicle-embedded hardware.

Notably, our method exhibits slightly lower performance on the

APS metric compared to YOLOv8, likely due to the embedded

data augmentation techniques employed by YOLOv8. This insight

highlights a promising direction for further optimization and

refinement of our algorithm.

3.5 Visualization

We tested the visualization of the different methods in various

driving scenarios. The threshold for each detector was set to

0.6, and the performances are shown in Figures 13–15. Each

image shows visualization of several approaches (Corresponding

order from top to bottom, left to right): (a) the image to be

detected, (b) DETR, (c) Deformable-DETR, (d) DAB-DETR, (e)

DN-Deformable-DETR, (g) DINO-DETR (f) YOLOv8, and (h)

the proposed method. According to the experimental results,

the proposed method addresses the issues of omission and false

detection caused by mutual occlusion, mutilation, and the small

size of the target, and it has excellent adaptability to complex scenes.

Figure 13 shows a suburban road scene with clearer vehicle

targets, but the problem of missing the car occurs in both (b) and

(c), where the person in the car is a more difficult target to identify,

and the remaining methods did not produce a missed detection.

Both the proposed method and YOLOv8 detected traffic signs and

the farthest vehicle.

Figure 14 shows a street scene, where people stand densely

and the targets are small; however, the proposed method showed

the least number of missed detections and best object detection.

Figure 15 shows a city road scene, where there are cases of mutual

occlusion andmutilation of detected objects, and only the proposed

method successfully detected the vehicles behind the grass.

4 Conclusion

This paper presented an improved autonomous driving object

detectionmethod based onDETR. This approach includes a feature

extraction technique that incorporates position-sensitive attention

to improve multi-scale object detection. In addition, a transformer

encoder with a group axial attention mechanism was developed

to enhance the inference speed and reduce model computation.

Furthermore, a dynamic hyperparameter tuning training method

based on Pareto efficiency was implemented to adjust the training

state of the loss function by dynamically modifying the weights.

This approach aims to overcome the limitations associated

with manually setting fixed weights, accelerate convergence, and

improve model accuracy. Experimental results demonstrated that

this approach outperforms traditional methods.

It should be emphasized that our method stands out for

its exceptional inference speed compared to other DETR-like

algorithms. However, it lags behind the YOLO series of algorithms

in this regard. Achieving a high inference speed often results

in a tradeoff with detection accuracy, posing a challenge for

DETR-type algorithms to strike a balance between the two. In

addition, our approach proved that the object detection model

can be enhanced by synchronizing the training phases of the

loss function. Developing a more intricate training strategy for

the loss function is a promising prospect for future research.
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Finally, addressing faults in autonomous driving through fault

detection, data reconstruction, decision optimization, and fault-

tolerant mechanisms based on deep learning models is of great

significance for improving the robustness and safety of autonomous

driving systems.
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