20244 4 5
W R X #f F43E F 4 H

DOI:10. 19652/j. cnki. femt. 2305629

E TR ETENREEXIEL LB ira

A R OE 3 W AW
Q. HFMNAFARBEERFL T B EL LD F H M 550025:2. # M AFHMIEFIR H M 550025)

B AR S CLH 073 B0 R IR BB 00 38 B R S A R A X L SR B R AT e BE R i TR AL A
T > T 1) Al 5 4 37 5t 0 R R AR A 0 A0 4R L R B —Fh R B AL B AR KA T YOLO-PT, LUK (9 1 53 & 25 B T 8 i 19 4
RS B, 38 a4 B ARAE 31 (partial feature calculation, PFO) BRI /DR AE T A5 B0 E IFFIA T £k B = Sl
T e 14 55 2 % AT 1) 4 BORS B2, (R B 350 1T 22 38 3B 4 7 0 A5 M X 2 ROBERRAE HE A7 3 i Ul & 4R E 2 W R IR BIRE . R
ARG My 37 St AT LR B0 F L A5 SR R WY, TR O AN 4.3} 10° IS BE T RA S T 53% M HER R, R B HE R
FRBEE BT HAL T,

KRR ARSI Y05 s 2B BRI 0 SRR IR T 58 B 4

RESHES: TP391.41; TN957.52 X ERFRIRAS : A ERRAEZR SN 520. 604

Efficient object detection method with partial calculation for
unstructured scenes
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(1. Key Laboratory of Advanced Manufacturing Technology of the Ministry Education, Guizhou University, Guiyang
550025, China; 2. School of Mechanical Engineering, Guizhou University, Guiyang 550025, China)

Abstract: To address the challenges of the absence of shared datasets covering unique targets in unstructured scenes
(such as construction sites and mining sites) ., the difficulty in precise extraction of complex features, and the high
computational complexity, this paper creates a dedicated object detection dataset for unstructured scenes. We present a
lightweight object detection model named YOLO-PT, which attains high detection accuracy while requiring minimal
computational resources. We mitigate the computation of redundant feature information by developing a partial feature
calculation (PFC) model. We also incorporate a multi-head self-attention mechanism to enhance the precision of complex
feature extraction and design a multi-channel pyramid structure for the gradual fusion of multi-scale features, thereby
improving the recognition accuracy of complex objects. Finally, experimental validation is conducted in unstructured
scenarios. The results demonstrate that the method proposed achieves the accuracy of 53% with a mere 4.3 X 10°
parameters, outperforming other methods in terms of accuracy. the number of parameters and floating-point operations.
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Fig. 2 Visualized feature maps

TEFFAE SR WA 72 op s AU AE 1Y B TR R A
FAY o SR T 2D A 235 W 5 VAT LT B 3801 O 1 s A0 X A T
RIERWEEAE, ETFL RS ARTFREE T —F 5
TRARAE 1T (partial feature calculation, PFC) J5 5 3 i />
X EERERAL IR, E 3 R, ¥ Transformer 55
AR JH T — 8 4 i A0 R R AT S [B) R AR 42 B, AR i
B 5 RE R R AE EAT PF B2 L SR 5 1 T s AR (point-
wise convolution, PWConv) """ 4b B A [a] 38 18 (45 15 15 2 .
AR SRR T T R S AR TS 2 IR B M BR e AT A
XUEAF RN TREITREAN, EaitaE&RE
PWConv , ¥4 A [ i 38 19 45 1F 47 e M 4 45, (8 45 FR AF 15
S i L DT R A A T 2 A TR R TR AR L
WA LA CNN 8% Transformer 5% He 52 3 A% B 5 4%
b HERE B B il —E Bk,

HxWxC, HXWxC\.;y IXI%Cy, HXWXCiy
bij523
Concat
_,C-D—»
yr—— / ]
| |
| |
[ 3
Jp— Transformer PWConv
! Block

B3 JraBARAn A g

Fig.3 Partial feature calculation modules
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Table 1 Summary configuration for YOLO-PT
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Fig. 7 Partial illustrations for unstructured scenario dataset
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Table 2 Performance comparison with YOLOVS on unstructured dataset

e SRR/ B

Bl FEHHL R4 Prpbf Al 1k B SERHL (X10°) GFLOPs mAP@0.5 mAP
YOLO-PT-N  0.281 0.638 0.441 0. 430 0. 309 0. 241 0.822 1.1 3.4 0.726 0. 450
YOLOv5n 0. 315 0.611 0. 387 0.399 0. 274 0. 277 0. 796 1.8 4. 0.673 0. 437
YOLO-PT-S 0.373 0.674 0. 490 0. 507 0. 370 0.432 0. 862 4.3 10.7 0.763 0. 530
YOLOv5s 0.422 0. 657 0.462 0.453 0.329 0. 344 0. 850 7.0 15. 8 0.731 0.502
YOLO-PT-M 0. 446 0. 677 0. 505 0.517 0. 394 0. 360 0. 882 10. 3 26.2 0.793 0. 541
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Table 3 The influence of Bottle-PFC modules on precision

o E 2o VAN Y=Y Yl AP

(x10%)  GFLOPs
YOLOv5n(4 X C3Net) 1.9 4.5 0. 437
YOLOv5n+1 X Bottle-PFC 1.3 3.6 0.477
YOLOv5n+2 X Bottle- PFC 1.3 3.4 0.471
YOLOv5n+ 3 X Bottle-PFC 1.2 3.1 0. 467
YOLOv5n+4 X Bottle-PFC 1.1 3.0 0. 450
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Table 4 The influence of multi-channel feature pyramid

module on precision

. 72%%5(%/ {%ﬁéﬂl/ AP
(X10°)  GFLOPs

YOLO-PT-N+FPN 1. 54 3.8 0. 445
YOLO-PT-N+ MFPN 1.1 3.4 0. 450
YOLO-PT-S+FPN 7.0 15.2 0. 497
YOLO-PT-S+MFPN 4.3 15.8 0.530
YOLO-PT-M + FPN 16. 6 37.4 0. 520
YOLO-PT-M+ MFPN 10. 3 49.0 0. 541
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Table 5 Computational complexity and inference performance

- 25’;’2’5(%/ TERUH/ i/ ms
(X10%) GFLOPs
YOLO-PT-N 1.1 3.4 2.1
YOLO-PT-S 4.3 10.7 3.9
YOLO-PT-M 10. 3 26.2 7.6
YOLOv5n 1.8 4.2 5.8
YOLOVS5s 7.0 15.8 6.9
YOLOv5m 21.2 49.0 10. 8
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Fig. 10 Object detection results in unstructured scenes

R

BT S AROE AR T BRI 45
Fig. 11

YOLO-PT(A3Z) YOLOVS

Detection results under shading and low

light conditions

BRI AT 0 TR TR R B A M RRIE . A,
T X 4 S WA G A T X 4 Can 2 8 ML) . YOLO-PT 5
YOLOvS Y4788 5 42 47 1 8 S 4H v %o ROBE A8 fb e K L7
SUE AL AT B (D, YOLOVS o R AT %4 |
AR A B, YOLO-PT W2 3 & a8 i 5 ma i jg 5 %
RERFIEFRREES BB ET BRI B RIEM ST 55 E
FABLI A e

4 & it

SRR X B H T ARSE K 37 5 H AR I K 4 Bk =
AR T RS I AR AN A 5 R R M T AR 4 A 5 AR A T K
2R TR AIF A [7) 248 B2 1 A8 R AR B9 1 5 o DA Dol 20 A B 4
AETHSE A A B 0 R 42 0 T 20 SR T SR  iE S Trans-
former [ {5 1 BILH] 55 5 4 ARSI B4 o R A1k 22 JBORS B2 Y
[ B B AR T3 A2 A% BE L OFBETT T 2208 18 6 7 38 45 1 S B Xt
SEZRANTN N A8 A B R i ) HE B il 5 o B I AR S
P T — B AR S5 550G AR S A I B ik
YOLO-PT. BA B 1 280 55 2 FE R 15
G BE B [ I S B0 T R B AR B A . fn S A AR DN 4% AR

— 196 — HESMAR IR

AR P

YOLO-PT(#3Z)
12 Grad-CAM 2315 7T 404k &

Fig. 12 Grad-CAM class-discriminative localization

YOLOVS

visualization

R RE B L 2 50 LV e B I B B A% O I AT ST 58 X
.25 R E W YOLO-PT 784 7 W 48 F Tk £ 5
LioRlIET N

2 18 B AR S5 44 3 5 BOE ME DL AR AR R R S TR
FEASR I TAE P o 3R A8 T AU FH /N 43 A 1 0805 1 55
B BT W B ARG A 5T 2k S TR A e R AG T AR 2
¥4 Ak 37 56 8 FHEZ F AR 2 A Il A8

2 £ X #

(1] ko0, 38402, T HE 272 PR B8 PR b 22 0 2% 1) & JR e HE

FETHSE B B Sk i B L) . 31 55 HL A% 4, 2019,
42(3) :453-482.
ZHANG SH, GONG Y H, WANG J J. The
development of deep convolution neural network and
Its applications on computer vision [ JJ]. Chinese
Journal of Computers, 2019,42(3):453-482.

(2] JEIBRE, B0, Zp e, 36T IR B 2 > 1) B AR R I 50k
ZOR1T]. 4R ,2017,40(11) 1 89-93.

Hh e Rk B A0 0



[3]

[4]

L6]

[7]

[8]

[9]

[10]

20245 4 B
H43% 55 41

ZHOU X Y, WANG K, LI L Y. Review of object
detection based on deep learning [ J]. Electronic
Measurement Technology,2017,40(11) :89-93.

ey R, B TR T L TR EE A S Y AR A T g T B
2 KRB 4 LT ], Ak 7 i B R, 2022,
41(6) :165-174.

HOU X L, SHAN T F, XUE J G. Analysis of
typical target detection algorithm based on deep
learningand its application status [ J ]. Foreign
Electronic Measurement Technology., 2022, 41 (6):
165-174.

REN S Q. HE K M, GIRSHICK R, et al. Faster
R-CNN: Towards real-time object detection with
region proposal networks[J]. IEEE Transactions on
Pattern Analysis and Machine Intelligence, 2017,
39(6):1137-1149.

LIU W, DRAGOMIR A, DUMITRU E, et al. SSD:
Single shot multibox detector [ C ]. European
Conference on Computer Vision (ECCV), 2016:
21-37.

REDMON ], DIVVALA S, GIRSHICK R, et al.
You only look once: Unified, real-time object
detection[ C]. IEEE Conference on Computer Vision
and Pattern Recognition (CVPR), 2016.:779-788.
WANG C Y, BOCHKOVSKIY A, LIAO H Y.
YOLOv7: Trainable bag-of-freebies sets new state-of-
the-art for real-time object detectors[ C]. IEEE/CVF
Computer Vision and Pattern
Recognition (CVPR) ,2023 . 7464-7475.

VASWANI A, SHAZEER N, PARMAR N, et al.

Conference on

Attention is all you need[J]. Advances in Neural

Information Processing Systems, 2017, 30: 6000-
6010.

DOSOVITSKIY A, BEYER L, KOLESNIKOV A,
et al. An image is worth 16x16 words: Transformers
for image recognition at scale[J]. ArXiv Preprint
ArXiv: 2010. 11929, 2020.

Beg, TR0, DA HE, 55, 3 T okt YOLOv4 8
A o0 255 1) 22 4 W SRS I O s [T, B PR R 2 2 i
2023,46(12) :43-54.

XU X F, WANG K, MA ZH X. et al. Helmet

wearing detection method based on Improved

YOLOv4 neck optimized network [J]. Journal of

Hh B O T

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

AR X #

Chongqing University, 2023,46(12) :43-54.
XNV, A9 98 LI, SF. 8 R R 1 JC A\ HL g Ik
PRGN H AR A I L) 1. J5E 3t 3 5 D €, 2023, 51 (1)
132-140.

LIU M R, CHE B, DONG H B, et al. Detection of
small objects in open-pit coal mine stopes using UAV
Coal
Exploration, 2023,51(11):132-140.
B B ML A TR R I M R R
gitgfb A BARHE RO s (], B RE R AR S
N F , 2021,47(6) :27-33.

HUANG L. MAO X Y, DU H, et al

remote sensing images [ J ]. Geology &

On star
catalog unstructured rock target ldentification method
basedon deep learning network[]]. Aerospace Control
and Application, 2021,47(6) :27-33.

WANG X, HAN WI, MO S C, et al. Transformer-
based automated segmentation of recycling materials
for semantic understanding in construction [ J J.
Automation in Construction, 2023, 154 104983.
HAN K, WANG Y H, TIAN Q, et al. Ghostnet:
More features from cheap operations[ C]. IEEE/CVF
Computer Vision and Pattern
Recognition (CVPR), 2020:. 1577-1586.

HOWARD A, SANDLER M, CHU G,et al. Searching
for mobilenetvd [ C J. IEEE/CVF
Conference on Computer Vision (ICCV), 2019: 1314-
1324.

HE K M, ZHANG X Y, REN S Q. et al

Conference on

International

Deep
1IEEE

residual learning for image recognition [ C].

Conference on Computer Vision and Pattern
Recognition (CVPR),2016: 770-778.

Wb, 4. 2 REEFRHEAE YOLO 8k i iy 1 FH
FELI T LT 5 AR 2 412 . 2021 .35(6) 1 96-101.
XU X G, LI H. Application research of multi-scale
features in YOLO slgorithm[J]. Journal of Electronic
Measurement and Instrumentation, 2021, 35 (6):
96-101.

2 WE R, JE MG 5 ). 2 T CReLLU 1 FPN Bt Y
SSD I A H Aw A I [T, A3 &% 40 3K 2% 42, 2020, 41 (4)
183-190.

LI H H, ZHOU K P, HAN T CH. Ship object
detection based on SSD improved with CRelLU and

FPN[J]. Chinese Journal of Scientific Instrument,

EAARFMEEAR — 197 —



2024F 4 8B

Az farad
MR X #f H43E F4H  —
2020,41(4) :183-190.
£ & & ot
[19] XIEJ, PANG Y W, NIE J, et al. Latent feature
pyramid network for object detection []J]. IEEE LM BB A BT N [ 37 0 B
Transactions on Multimedia, 2023, 25:2153-2163. TR
[20] SELVARAJU R R, COGSWELL M, DAS A, et al. E-mail: gs. yqjin21@gzu. edu. cn
Grad-CAM: Visual explanations from deep networks BEGEEES A LRSI, BB TN
via gradient-based localization[ C]. IEEE International BRI A B BE BV G
Conference on Computer Vision (ICCV), 2017,618-  E-mail: zhaoj@gzu. edu. cn
626.

— 198 — HEAPERTFTMELAR Hh BB O T



