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Abstract: Objective In recent years, YOLOv7-tiny has become a commonly used method in real-time object detection.

The entire training process of this method is conducted in a single network due to its lightweight network architecture design
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and fewer parameters. The method offers fast detection speed without relying on sliding windows or region proposals, which
makes it suitable for tasks with limited resources and high real-time requirements. However, YOLOv7-tiny has two prob-
lems in the feature fusion stage: one is information loss in adjacent layer feature fusion, and the other involves differences
in non-adjacent layer feature information. Specifically, YOLOv7-tiny uses the traditional nearest neighbor upsampling
method in adjacent layer feature fusion, which may lead to jagged edges in the generated feature map. This condition
reduces the quality and expression ability of the feature map. The problem of non-adjacent layer feature differences occurs
during the bidirectional fusion process of YOLOv7-tiny using feature pyramids. The unique information of upper and lower
layers is gradually “diluted”. As a result, feature maps contain different scale information in the feature extraction and
detection stages, which may seriously affect the ability of the model to detect large- or small-scale objects. Method This
study proposes a long short range dependency feature pyramid network (LSRD-FPN) to solve the two problems. The net-
work will be employed to improve the YOLOv7-tiny method. LSRD-FPN consists of two key components: the local short
range dependency (SRD) mechanism and the global long range dependency (LRD) mechanism. SRD improves the upsam-
pling method and introduces an attention mechanism. It uses the lightweight feature upsampling method CARAFE instead
of the traditional nearest neighbor upsampling method, with an increase of only approximately 20 000 parameters. In addi-
tion, adding a non-parametric attention mechanism SimAM after local feature fusion aims to enhance feature representation
and enhance perceptual range, which effectively reduces the problem of information loss during the feature fusion process.
LRD is inspired by the ResNet and Libra R-CNN models by introducing cross layer connection modules. In this study,
multi-scale feature maps of different resolutions in the backbone network are scaled and adjusted to the same scale. Then,
these maps are fused and assigned to different levels in the detection stage. The extreme scale object feature information of
the backbone network is directly input into the detection stage. This improvement enhances not only the feature expression
ability of the model but also its performance in multi-scale object detection tasks. Result The training process of this study
is conducted under the Ubuntu 20. 04. 4LTS operating system, with a GPU configured as an NVIDIA RTX 3090 and a
graphics memory size of 24 GB. The input image is fixed to 640 X 640 pixels, the batch size is set to 16, and 100 epochs
are trained. Other parameter settings are set using the default YOLOv7-tiny settings. The method proposed in this study is
compared on two datasets with different scenarios and quantities, namely, the Traffic Detection Dataset TDD and the Coal
mine underground drilling site object detection dataset Cmudsodd. This experiment uses YOLOv7-tiny as the benchmark
and embeds LSRD-FPN into the YOLOv7-tiny. After 100 epochs of training, the experimental results show that the method
achieves performance improvements of 1. 3% mAP and 0. 5% mAP compared with the benchmark model YOLOv7-tiny on
the TDD and Cmudsodd datasets, respectively. Despite significant performance improvements, the number of parameters
remains at a relatively low level. This study conducts ablation experiments on two sub models of LSRD-FPN, namely, LRD
and SRD. The local SRD mechanism achieves improvements of 0. 6% mAP and 0. 2% mAP on the TDD and Cmudsodd
datasets, respectively. The global LRD mechanism achieves improvements of 0. 7% mAP and 0. 3% mAP on the TDD and
Cmudsodd datasets, respectively. Compared with other real-time object detection algorithms with the same number of
parameters, the algorithm proposed in this study improves the TDD dataset by 2. 6% mAP compared with YOLOv5-s
and by 0.2% mAP compared with YOLOv8-n. In contrast to the two algorithms, the Cmudsodd dataset shows improvements of
2. 1% mAP and 4. 4% mAP. In addition, the frame per second (FPS) of the model proposed in this study is higher than
160, which meets the requirements of real-time detection tasks. Therefore, the proposed method not only improves perfor-
mance but also exhibits rapid deployment, which can be more quickly applied to practical scenarios. Conclusion The pro-
posed LSRD-FPN method can effectively improve the detection performance of the object detection model while involving
fewer parameters and floating-point operations to ensure that the model meets the requirements of real-time detection
speed. In addition, LSRD-FPN can be applied to not only the YOLOv7-tiny model but also other object detection models.
The plug and play nature of LSRD-FPN eases its deployment to other object detection models and results in performance
improvements.
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T s H/NRUEE  m R RUEE T R RUEE

2.2 EMIERR

SRR AT B A A 4 s am H ) LA PE A T
B, 3 5 3 AT 1 A [ {0 RO A7 000 1 A DA 2
HAR Y PF (s 58, P YK B2 (average precision,
AP) FIR B precision-recall {12 B AR , H
A B, RIABIAME RE AR AT . mAP IR T AT 2
B APEICY-25 , AT Z5G B 7 AR 2 A B4
% FIMERER I, APO. 5F1APO. 75 73 B K A
H (intersection over union, IoU){H KT 0. 5 F10. 7511
TOO A AR 3 R TEREAS O EARYEIX AR AT AP
(B TEAPTEZ YRR EEEEE b i H ] APs(/)
R AP) APm(H RUEE AP) AT APLOR RUEE AP) iR A
[ RO BRI R . GFLOPs(Giga floating-point
operations per second ) =2 H F R AR RIS A (1) 1157
FUASE A A5 A AR Y SR R A
2.3 ZEWEE

S A VI kit B2 7€ Ubuntu 20. 04. 4 LTS #2:4E &
4 T 4T, GPU L & 85K NVIDIA RTX 3090, & /7
K/INHK 24 GB., CPU Fit & & Intel Xeon Platinum
8358P, PyTorch Fii A< 4 2. 0. 0+cul18. EL. & i1y il 45
SRR 2 R

HAL BB B 5 YOLOvT-tiny J7 35 BN B M
[ o AEASE R, ARWFFE M A K-means & TDD %k
35 5 A1 Cmudsodd £ 46 £ 73 51| 3R 26 7 4E 9 Fp AN [a] R
JE R SE B0 AE (anchors ) , oA R IR b /NP A4
3 BE 34> anchors, 1 TDD %045 £ Al Cmudsodd %%
PSR R AR 23 A R[5, KL anchors 13 & L
FEAE—E 25 o A B 5 1) BAK anchors 15 &
MFE3I PR
2.4 KIGHER
2.4.1 ARICTESHEA T2 AR

A 3C B K R AR 8 PL ) LSRD-FPN JRCAK

*2 BEIYGSEEE

Table 2 Model training parameter settings

ZH ZHH
i NGRS MR R 640 x 640
HER/N 16
Pl YsRite e 100
B 2 8
efess SGD
I A None
iy o) 5 0.01
IR KA 2] R 0.1
mosaic 1.0
mixup 0.15
paste_in 0.15

*£3 1#B% anchorsiZ &

Table 3 Model training anchors settings

R TDD Cmudsodd
7N 10 x 13 25 x 21
/N 16 x 30 28 x 35
7N 33 %23 51 x 48
h 30 x 61 158 x 22
s 62 x 45 57 x70
EE 59 %119 285 x 26
N 116 % 90 67 x 124
PN 156 x 198 301 x 48
PN 373 x 326 122 x 211

YOLOv7-tiny H i) R AE 45 7 3 W 4% (feature pyramid
network ) FPN, - H7E 1/ £ A L) i i e %) 5 1%
PEAT TSR LU, SEIR A R ANGR 4 TR . R AL
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mAP BT, I HAE 0. 5F10. 75 BIE F A S %5
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ARSI 1 R AT 5 (AR R L rp JROBE W R A
JEH AT, 7E Cmudsodd $E4E | 52 30 R AL 0 41
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Ko RS BE G AR AR FE By 42 7. B, 56T LSRD-

FPN [ YOLOv7-tiny Jy % , 5 24 YOLOv7-tiny J5 ¥
HHEC , AERPE R /N JUBE Wy IR B9 5 Ak 2 7S BE 7 I5f 38
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PRSI BE LA SRR ARG I PR RE A AR T
JUEARSOITIEAEAS FEV N AR br T UG T AR
g5 5L AIEI] LSRD-FPN 358 T YOLOv7-tiny AYFRAE %
ANBETT RN T SN BV /R A SO I AR = T
B A e, A 58 8 H Grad-CAM (gradient-weighted
class activation mapping) (Selvaraju%,2017) % TDD 44
ARV Gt Rt A 7 T A, A5 R N 8 Fas

R4 AXFHEEEMAENLER

Table 4 Comparison results between our method and the basic method

Bn e R S8 mAP/%  AP0.5/%  AP0.75/% APs/% APm/% APl/% GFLOPs
YOLOv7-tiny(FPN) 6025812  61.1 89.5 66.8 353 68.5 74.2 13.2
TDD
YOLOv7-tiny(LSRD-FPN) 6681716  62.4 90.4 69.5 34.8 69.6  79.5 15.1
YOLOv7-tiny(FPN) 6025812  60.4 943 64.5 15.7 528 643 13.2
Cmudsodd
YOLOv7-tiny(LSRD-FPN) 6681716  60.9 94.4 65.6 15.6 533  65.0 15.1

T L P SR AR R R SR A 9 e LA 2R

(a) ZERHIALA I
K18 RS 5 A SCREAURHAIE [&] il Bl AL

Fig. 8 Visualization of feature maps for basic model and our

(b) ASUEAIH S

model ((a) basic model heatmap; (b) our model heatmap)
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FPN 4 YOLOv7-tiny £ 5058
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0. 66, A SCT7 15 car B AR EE 0 0. 825 1 1055 1 17+
F Al 75 7% helmet (9 & 15 B4 0. 70, AX SCJ7 15 helmet
M EARBE A 0. 72, BEAh, 5 L B 9 26 2 47 g 1 A
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(b) ZERTTi% (0 A3

(a) JRaalE &
K19 ASCIT I ANHERITT 1A TDD Bt SR ISR X e

Fig. 9 Comparison of detection effects between our method and

the basic method on TDD dataset( (a) original images
(b) basic method; (¢) ours)

AN I (1B 10 (e) 55 247 1 drill-pipe ¥114 ) . X3
B 55 B VA L AR SO YA A T S R
SR P65 A DA R A 1 3 7 1
2.4.2 RIS SHER ST A

A 58§ 1E 43 7 % F LSRD-FPN () YOLOv7-
tiny JFIE A RCE . O T B AR HSEEG B HER R R
BE2E B 5T LSRD-FPN 19 YOLOv7-tiny J7 55 H
AR ALl S it sl Ak [R) — B8 G ) 5 I A TR
IR S — 3. SLH T ERCT YOLOvS-s fil
YOLOv8-n B FPXT Lt 771 , 3% 5 8 i AR [ 7 48 TDD
Fl Cmudsodd £ 4 b A PEREZS 2L, I X L 434 1
mAP APO. 5.AP0. 75 . APs . APm . APl #1545 & 24 Ji
GFLOPs % 2~k RedE br

XS R B 7R, AR ST %45 TDD A1 Cmudsodd %
PR 4y MBS T 62. 4% mAP F160. 9% mAP, A%}
T YOLOVS-s J7 ik , AR SO AR T A fahn it It i 3%

() JaaIE & (b) 77 1% (OFS'
K10 ASCr ik ALl 75 A48 Cmudsodd B A6
DR XS b

Fig. 10  Comparison of detection effects between our method
and the basic method on Cmudsodd dataset( (a) original images ;

(b) basic method; (¢) ours)

Jf AR F S s B ACE > . JS48 YOLOvS-n 75 TDD
R LIS T 5% SO oM I s IDORS B, (H
K v REASER SE , T HAE Cmudsodd B 4E - R4
2%, 3% A e SE B T YOLOvVS-n J7 5 1 & M A1, ¥
PAN X} Cmudsodd £ 4 W i 5% o ibah , A3
D7 iEAE APO. 5 R APO. 75 F5 45 B T L5 1Y &
Mo 5 HA ST B ARSI A L, AR SO IR TE
Ab B i 7 5 ) H AR DA R 22 RUOBE B b 7 T H A B
g, X459 88 TIATERARI g | AR BT R
FM AL TR w15 B 10 BEAS 7 A7 0t B B E ARGRAE
P& = R IORS B
2.4.3 (@S

AWFFEXF LSRD-FPN 4 4 AT 1 3 il i
55, 43 A6 SRD 9 73 75 1 AL A b SRR T 2 DA &
LRD #47 TR0 534 5 8. Ik, 2 7 3ok
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Table 5 Comparison results between our method and equivalent methods

Bl e el Z¥it mAP/%  AP0.5/%  AP0.75/%  APs/% APm/% APl/% GFLOPs
YOLOv5-s 7033114  59.8 90.1 65.4 343 670 718 16.0
TDD YOLOv8-n 3011823 622 88.2 70.0 353 69.0 738 8.2
ES'S 6681716  62.4 90.4 69.5 348  69.6  79.5 15.1
YOLOv5-s 7033114  58.8 93.3 62.0 120 510 625 16.0
Cmudsodd YOLOv8-n 3011823 565 92.3 58.3 166 522 590 8.2
ES'S 6681716  60.9 94.4 65.6 156 533  65.0 15.1

T L P R AR R R SR A 9 e LA 2R
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Table 6 The results of the ablation experiment using the proposed method
P €S CARAFE SimAM  LRD mAP/% APO0.5/% APO0.75/% APs/% APm/% AP1/% GFLOPs
X X X 61.1 89.5 66.8 353 68.5 74.2 13.2
N X 61.4 89.5 67.7 33.1 68.7 75.5 13.2
TDD
J X 61.7 89.7 67.6 34.1 68.8 73.7 13.2
N \/ 62.4 90.4 69.5 34.8 69.6 79.5 15.1
X X X 60.4 94.3 64.5 15.7 52.8 64.3 13.2
N X X 60.6 94.4 65.3 12.4 529 64.7 13.2
Cmudsodd
N N x 60.6 94.3 65.0 15.1 53.0 64.5 13.2
N N N 60.9 94.4 65.6 15.6 53.3 65.0 15.1

LR R A R BB SR 45 T R A4S S,V R R, X R R R

N 6 LIEEAFTN  BA B EE 117RR
FEUMETT VL YOLOVT-tiny, 55 2 317 /R X SRD F A
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APO. 75 DA St R ROBEEI AR R BE o D/NRUEE W 4
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R/ PRI R AR AL A RT B N, AR ST IR
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Table 7 Performance of different upsampling methods on two datasets

B RAE ZHE mAP/%  AP0.5/%  AP0.75/%  APs/% APm/%  APl/%  GFLOPs

FATAB LoRFE 6025 812 61.1 89.5 66.8 35.3 68.5 74.2 13.2

MR MEA (A 6025812 61.2 89.5 67.1 34.1 68.5 74.9 13.2

TDD CARAFE13 6043 108 61.4 89.5 67.7 33.1 68.7 75.5 13.2
CARAFE33 6079 972 61.6 89.5 67.7 34.2 68.7 733 13.3

CARAFE35 6 153 956 61.5 89.5 67.1 345 68.7 74.7 13.5

AR LR 6025 812 60.4 94.3 64.5 15.7 52.8 64.3 13.2

XL A 1 6025 812 60.6 94.3 64.9 12.7 52.9 64.4 13.2

Cmudsodd CARAFE13 6043 108 60.6 94.4 65.3 12.4 52.9 64.7 13.2
CARAFE33 6079 972 60.8 94.4 65.5 13.0 533 64.6 13.3

CARAFE35 6153 956 60.7 94.3 65.4 12.3 52.9 64.3 13.5

SRD Jay & %5 A& A4 H AL i AR X 3 Ak v 7 ik
YOLOv7-tiny , AUAE M T L RAE T4 i A1) M Hb
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HEAE 7 3, & GORRE ARG Il ST I BB R IR B
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B B 1 22 RUBE 5 23 42 (R 45 R R E il i il 5
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Table 8 Model performance of different attention mechanisms on two datasets

etk HEIHLHI St mAP/%  AP0.5/% AP0.75/% APs/% APm/% APl/% GFLOPs

o 6043108 614 89.5 67.7 33.1 68.7 75.5 13.2

+Biformer(Zhu %,2023) 7697636  61.2 89.1 66.6 34.1 68.7 73.8 77.9
+CBAM(Wo0%%,2018) 6094704  61.3 89.5 66.3 34.7 68.4 747 13.3

TDD +LSK(Li % ,2023) 6748156  61.4 88.9 67.3 32.8 68.6  74.0 14.8
+MLCA(Wan%%,2023) 6043 184  61.6 89.8 68.0 34.0 68.7 74.8 13.4
+EMA(Ouyang %:,2023) 6107684  61.8 89.5 67.6 33.8 69.0 722 143
+SimAM(Yang%#,2021) 6043108  61.7 89.7 67.6 34.1 68.8 73.7 13.2

o 6043108  60.6 94.4 65.3 12.4 52.9 64.7 13.2

+Biformer(Zhu % ,2023) 7697636  60.3 94.4 64.4 14.4 525 64.4 77.9
+CBAM(Wo0%%,2018) 6094704  60.6 94.3 65.0 12.8 53.1 64.2 13.3

Cmudsodd +LSK(Li % ,2023) 6748156  61.0 94.5 65.7 13.3 53.7 64.3 14.8
+MLCA(Wan%%,2023) 6043184  60.5 94.5 64.8 15.5 52.9 64.4 13.4
+EMA(Ouyang%:,2023) 6107684  60.5 94.3 65.0 13.3 53.0 64.4 143
+SimAM(Yang%#,2021) 6043108  60.6 94.3 65.0 15.1 53.0 64.5 13.2

F9 KERBALHET N EIEEMN LR
Table 9 The performance of LRD on two datasets
G/ S AR A 7= ZHE mAP/%  AP0.5/%  AP0.75/%  APs/%  APm/%  APl/%  GFLOPs

¥ 6043 108 61.7 89.7 67.6 34.1 68.8 73.7 13.2

TDD +Identity 6 388 964 61.1 89.1 66.5 32.5 68.6 74.5 13.9
+LRD 6681716 62.4 90.4 69.5 34.8 69.6 79.5 15.1

7 6043 108 60.6 94.3 65.0 15.1 53.0 64.5 13.2

Cmudsodd +Identity 6 388 964 60.7 94.5 64.9 12.6 53.3 64.6 13.9
+LRD 6 681716 60.9 94.4 65.6 15.6 53.3 65.0 15.1
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