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DES-YOLO: a more accurate object
detection method

Zheng Huawei, Wang Fei’, Gao Jianbang

School of Electronic Engineering, Xi’an Shiyou University, Xi'an, Shaanxi 710065, China

Abstract: To address the challenges of complex backgrounds, small targets, and dense distributions in images, an
improved method called DES-YOLO is proposed. By introducing the deformable attention module (DAM), the
network can dynamically focus on key regions, improving object recognition and localization accuracy. The efficient
intersection over union (EloU) loss function is employed to reduce the impact of low-quality samples, enhancing the
model's generalization ability and detection accuracy. A shallow feature map layer of 160 pixelx160 pixel is added
to the network head to strengthen small target feature extraction. A stepwise training strategy is also adopted to
further improve model performance. Experimental results show that the mAP@50 of the model increased by 1.4%
on the remote sensing dataset and by 1.7% on the textile dataset, demonstrating the broad applicability and
effectiveness of DES-YOLO.
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Table 1 Experimental environment and configuration

Type Configuration
GPU NVIDIA GeFore RTX4090
CPU 13th Gen Intel(R) Core(TM) i7-13620H
CUDA 1.7
Deep learning framework Pytorch
Python 3.12

B 4 NWPU VHR-10 #t48 &30 B %
Fig. 4 Images of part of the NWPU VHR-10 dataset
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Fig. 5 Images of part of the fabric defect dataset

K2 BB AR &

Table 2 Remote sensing target detection data set

Precision Recall mAP@0.5 mAP@0.5:0.95
YOLOv5s 0.937 0.899 0.929 0.562
YOLOv5s+CBAM 0.939 0.884 0.923 0.511
YOLOv5s+CA 0.922 0.886 0.931 0.551
YOLOv5s+DA 0.945 0.898 0.942 0.561

k3 GBI E
Table 3 Textile defect detection data set

Precision Recall mAP@0.5 mAP@0.5:0.95
YOLOv5s 0.350 0.322 0.276 0.118
YOLOv5s+CBAM 0.382 0.290 0.282 0.141
YOLOv5s+CA 0.237 0.296 0.219 0.086
YOLOv5s+DA 0.350 0.342 0.285 0.121
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39.2%, AIETRE, 2 mAP@O.5 A M, {H
AR5 F 45 R IL-FAHFE . 5 SloU Al WloU #H L,
EloU & BLHT fin 44 .

i Bk, TEM AR A b, @ X CloU .
EloU. SloU. WIoU Pufh#iiZk ski%i, WESE EloU 7E7R
SCR R B S EAOE T HA =Rk R, 5 R
HIEL, EloU 7EHERGS . A BIZFEA mAP@O0.5 —IITHr
FEbR IR

RWAN=E 7y oaill)=S

9T BAE/N F ARG I JZE XA ERE SR, %
SPERERIGI A DAM., R FH AR pR B EToU B SE it 1
PEATSEE, DASSTT G 5 AR R A 6] (4 10 4 5
XF/ANEFRI R, Krp STD AR/ HARKEINZ

ek 6 iR, 1R BB I, TR /N
HERKINZ G, SEEHI, mAP@O0.5 NI T 0.1%),
A XFLL Ship A% 2% (9 /I B bR A A6 I00KE B2 48 = T
0.7%.

a7 FoR, RIS b, RGBS
AINEFRREINZRG, S8, KR n e, ik
BT 454% , HIEEEA TR, mAP@OSHE S T
1.2%, L) Knot head A /N H AR BRI B 4 5
T 0.8%.

A4 EAE AR R A BOR AR
Table 4 Effect comparison of remote sensing target detection loss function
Precision Recall mAP@0.5 mAP@0.5:0.95
YOLOv5s+DA+CloU 0.945 0.898 0.942 0.561
YOLOv5s+DA+EloU 0.936 0.914 0.944 0.573
YOLOv5s+DA+SloU 0.933 0.922 0.935 0.571
YOLOv5s+DA+WIoU 0.848 0.842 0.884 0.506
A5 GRS FAAR M K B AL G BOR AR
Table 5 Effect comparison of textile defect detection loss function
Precision Recall mAP@0.5 mAP@0.5:0.95
YOLOv5s+DA+CloU 0.350 0.342 0.285 0.121
YOLOv5s+DA+EloU 0.392 0.315 0.281 0.130
YOLOv5s+DA+SloU 0.382 0.272 0.283 0.144
YOLOv5s+DA+WIoU 0.357 0.292 0.258 0.103
A6 E&H AN
Table 6 Remote sensing target detection
Params/M Precision Recall mAP@0.5 mAP@0.5:0.95 Ship
YOLOv5s+DA 8.1 0.936 0.914 0.944 0.573 0.973
YOLOv5s+DA+STD 8.7 0.963 0.903 0.943 0.613 0.98
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4.4.1 JHRSCIS

1

TEASC R, DES-YOLO #5521 it ol i 3 B 40 45 .
¥ DAM £ 3] =T M2, H EloU i 2k pR 805
CloU, /N BArEINZESE . N T 5K e 2 7 i %F
B RR AN, A/ N AT T IH AL

1) 38 % H s

e 8 R, WM PG SE, BR M RR
JRR R FF i . DES-YOLO M%) mAP@O0.5 H A
LN 2 1.4% . A SO SR Bce A s n,
RHORS B2 5 LA 20 A LU 34 b TR 3, JE 2 M 2%

) mAP@0.5:0.95 $2 51 T 5.1% , T o i R 42 5
2.6%.

2) i P HRAER I

W 9 firon, WA R SUE, YOLOVSs #4
U 1 BB 4 R S R A BT £ 55 . DES-YOLO W 45 1
mAP@O0.5 HLIEZ A2 1.7% . AR SO RIS 500
B A g, AR ORG R S A oA LA b RS
i H R W 2519 mAP@0.5:0.95 42 55 T 2.29% , T
TR T 10.4%.
4.4.2 SFHE

J T AT E DES-YOLO 5 8 () 2 E 4 4 g
PE, AWFFEZE NWPU VHR-10 ¥t I 5 LR EER
H bk A R HE AT T LA 40 o R LG S0 45 R n
210 Fr7s .

AT GHRGpBERAN
Table 7 Textile defect detection
Params/M Precision Recall mAP@0.5 mAP@0.5:0.95 Knot head
YOLOv5s+DA 8.1 0.392 0.315 0.281 0.13 0.303
YOLOv5s+DA+STD 8.7 0.454 0.258 0.293 0.14 0.311
A8 MeEimsgR
Table 8 Results of ablation experiments
Params/M Precision Recall mAP@0.5 mAP@0.5:0.95
YOLOv5s 7.0 0.937 0.899 0.929 0.562
YOLOv5s+DA 8.1 0.945 0.898 0.942 0.561
YOLOv5s+DA+EloU 8.1 0.936 0.914 0.944 0.573
YOLOv5s+DA+EloU+STD 8.7 0.963 0.903 0.943 0.613
A9 sflEBmaR
Table 9 Results of ablation experiments
Params/M Precision Recall mAP@0.5 mAP@0.5:0.95
YOLOv5s 71 0.350 0.322 0.276 0.118
YOLOv5s+DA 8.1 0.350 0.342 0.285 0.121
YOLOv5s+DA+EloU 8.1 0.392 0.315 0.281 0.130
YOLOv5s+DA+EloU+STD 8.7 0.454 0.258 0.293 0.140
%10 kiR
Table 10 Results of comparison experiments
Params/M Precision Recall mAP@0.5 mAP@0.5:0.95 GFLOPs/G
Faster-RCNN 411 0.861 0.957 0.901 0.559 33.2
YOLOV3-tiny 8.6 0.952 0.860 0.929 0.544 12.9
YOLOvV3 61.5 0.956 0.918 0.952 0.602 155.4
YOLOv5s 7.0 0.937 0.899 0.929 0.562 15.8
YOLOv5m 20.9 0.864 0.832 0.888 0.523 48.0
YOLOv7-tiny 6.0 0.786 0.631 0.768 0.386 13.3
YOLOv8s 1.1 0.906 0.867 0.932 0.601 28.5
DES-YOLO 8.7 0.963 0.903 0.943 0.613 27.9
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Fig. 6 Comparison of detection accuracy of different network models

240212-10


https://doi.org/10.12086/oee.2024.240212

HAeql, 4 6L TR, 2024, 51(11): 240212

https://doi.org/10.12086/0ee.2024.240212

BRI BE 77

W AE SRR TS RS, Sl S R
AH L R4 YOLOVSs, 3404 B2 43 42 7+ 1 1.4% Fil
1.7%, Fe5r Rk T i Bk A stk . Rt 5 1
BRI SHORA T, B GR EAT TR, (A5
B R N R A — e R 2 T

Faster-RCNN (4

YOLOv7-tiny

YOLOv8s

YOLOVv3-tiny

YOLOv3 :

YOLOv5s B8

YOLOv5m

? har e 885 a3
BB OIS 0.3 ||

T | e o R RS 088 0cea|
A 3 harber

DES-voLo £

RSN o /N BARKINAT 55, SRR A AR N TR
Bl DS T R R, S HANZE R AT
Fegb i oR, /A4 DES-YOLO 1ER S48 FR b s ifh—
%, ARLETHRBRIR AV RE R, HATIRS A T
EPRTE, I e SRR R SEEE T R A
-4

B 7 FREAER RN R

Fig. 7 Comparison of detection effect of different models
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DES-YOLO: a more accurate object
detection method

Zheng Huawei, Wang Fei’, Gao Jianbang

i3

Remote sensing target detection

Overview: In image analysis, detecting objects accurately remains a significant challenge due to the complexity of
backgrounds, the small size of targets, and their dense distribution. To address these issues, we propose an advanced
detection method named DES-YOLO. This method incorporates several innovative techniques to enhance the
performance of object detection in remote sensing imagery. Firstly, we introduce a deformable attention module
(DAM), which allows the network to dynamically adjust its focus on crucial areas of the image. This module enables the
network to better recognize and localize objects by concentrating on significant regions and ignoring irrelevant
background noise. Secondly, we implement the efficient intersection over union (EIoU) loss function, designed to
mitigate the influence of low-quality samples. This loss function improves the generalization ability and detection
accuracy of the model, ensuring more precise object localization. Furthermore, we augment the network head with an
additional shallow feature map layer of 160 pixelx160 pixel. This enhancement specifically targets extracting features
from small objects, often challenging to detect in remote-sensing images. By capturing more detailed information, this
layer significantly boosts the detection capability for small-sized targets. Additionally, we employ a stepwise training
strategy to refine the model's performance progressively. This training approach helps stabilise the learning process and
improves the robustness of the model, leading to superior detection outcomes. Our experimental results are compelling.
The improved DES-YOLO model demonstrates a 1.4% increase in the mean average precision (mAP@0.5) on a
standard remote sensing dataset. To further validate the model's effectiveness, we conducted extended experiments on a
textile dataset, where the model achieved an impressive mAP@0.5 increase of 1.7%. These results not only highlight the
improvements brought by our method but also confirm its versatility and applicability to various types of datasets. In
conclusion, DES-YOLO represents a significant advancement in object detection, offering enhanced accuracy and
reliability. Integrating the deformable attention module, EIoU loss function, shallow feature enhancement, and stepwise
training collectively contribute to its superior performance. Our research demonstrates the potential of DES-YOLO to
set a new benchmark in object detection, paving the way for future developments and applications.
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