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Abstract

In football matches, implementing object recognition for athletes and the ball can provide essential
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algorithmic support for automated tracking and filming systems. To address the issue of insufficient
accuracy in traditional techniques when identifying players and the football, this paper introduces
an improved detection method that combines ECA attention mechanisms with BiFPN (weighted bi-
directional feature pyramid network), abbreviated as ECABiF-Y5n. This model optimizes the ECAS-
PPF component to enhance local feature representation and improve the efficiency of small object
recognition; it also employs BiFPN to integrate multi-level feature information, generating more ef-
fective feature descriptions. Experiments were conducted on the SoccerNet_v3_H250 dataset, showing
that compared to YOLOv8n used by the original authors, the overall category precision increased by
4.4%, recall rose by 2.3%, mAP50 grew by 3.7%, and mAP0-95 improved by 0.2%. Specifically, for
the “ball” category, which is more challenging to detect, precision improved by 6.1%, recall in-
creased by 5.9%, mAP50 by 7.6%, and mAP0-95 by 2.8%. These comparative experimental results
demonstrate that ECABiF-Y5n excels in enhancing detection accuracy, particularly strengthening
the identification capability for small objects in football games.
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1. 5|

EIAFH PR R R, TR CE 2 AR R T HE R DN AN E. B3R
IR ARG 2 IE TN, RSO P XF, T8 R BR L FErRERAER T H ARSI, R G 45 2R
SFSHIEHL, AT SEI B SR B . Horh, BIRASERN BB R —, BT HR SN AR,
TEARASKIN UL B S B P SR i, A 1 AT 55 Hh i — KBk ik

SRS LAE A, Jacek Komorowski %5 A FF & T FootAndBall [1]5 5 H T R ERLL ARG, HiZ
JIEAEAERFERL A A R IR R, 0 R SRR /N, 52 1 BEAR BRI AR - DeepBall [2] 55 f5 HE
H, BARIE S TRLIIAERR R, (EAEEE /N H bR 2 BRI A5 — € SR BR 1% . Axift, Konstantinos Moutselos %5
AFIF SoccerNet_v3_H250 [3]%#545 5 YOLOVSN [4]# 44, SZHL T mAP50 A4 70.2%, mAP50-90 & 46.6%
(BRI R ST, T E BRI J71H, mAPS0 i5 %] T 42.6%, mAP50-90 A 17.9%.

BT IREE 2 21 (1 B AR B 253 AW Bl BORIW B B 75 7% o XU Bk 4%, 1 R-CNIN
[B1R%, RERARGEGNRE, (AENDEEE, MU BN/ B AR SR 05 M, 8
B BORr 2, it YOLO #%1, i B4 A EUR B A T A 4 11 FRE, B4 1 S PR fr 3o R A R 4 1)
TR -

AW B LGS R BRI H brks il 58, Rl 5t xF YOLOVSN [6]3E47 104K, $&th 1 —FloEr i)
Fi——ECABIF-Y5n. AT STHR L

1. 5INT —"%% ECASPPF H¥itith, 454 7 ECA [TIHER JINLEI(TA) S 0] &7 bk 2
(SPPF), Jf HA& %5k 72 W 2 (1 AR, (R 7 AN [FIBY BURFIE [ I b5, ANTAT S 5 1 RRAE R R IF 52 T 1
TEARURE FE

2. IINT BIiFPN [BIIIACANREIE S FIE M2, HRHEES 7k AR BERFHERE L, AR5
SE RIS H bR ROBE (AL, R a7 e a0 v 1
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2. HBXT1E
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YOLOVS R 5B B B AR v, FL400) 3 B i = AN e 4r 24 i Backbone. Neck 1 Head. 7£
A AL BB B, A AR A T i mosaic [9]55 ik i R bR, 18I 20 A 2 ik EMEOR AR BUBT 111 25
FEAS, TR E SN T BARSI 2 R0, 58 7B A2 AL RE I AN E Rt o X T AN RHK 5 L BB
%, YOLOVS i 7 /N GR 4a iCsR BB I 77, TIRITE ARG R — 1 RSE, Ak 7 sk
.,

Backbone [ IhRELE T HEHUS a5 N BRI 2 )2 RHIE ], 9 5 2210 B bR R B8 (R IE Rl RRAE(S B o
Neck LU %54 7 FPN [10]45 PANet [11]4544 . FPN R A H T[]~ 12246 4% 36 = 2 15 5 ., 1 PANet
ECEEAR ESINT AR BRI, DANRIRE RS REMAE R, oG TRHMERLE AR, 185 T &
Tl ROEE H bR ORI AERA P . BeZ%, Head AR 17 BT8GR B AN FZ IR BIRHAE I, A BB 3= & Al 5 0 s
fERIR, DAHOREETH ARG MRS . IXAMYEETH T YOLOVS X & 2375 b B ARSI BE 7, IEARIE T 5K
I AR ER PRI IRRE, (IR 2 R I E R AR R T R —
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Figure 1. The structure of ECABIF-Y5n
[ 1. ECABIF-Y5n £5#4

3. ECABIF-Y5n B4R &%

Wl 1 ffror, ECABIF-Y5n #E YOLOVSn (3RS |, {4 T ECASPPF fbki% 4% Backbone 5 Neck,
i ] BiFPN [12]2R AL FEAS [ K/ NAR 1 H 5 o

3.1. ECASPPF

w2 prfEss, YOLOvVSN ) SPPF ZH 44 Bl = AMELE R oAb JE /. RE A BTtk
I FAIN PR AL 8, (EAE R BRFEFHI H AR IR BT SS & S8 23 845 B2k ) AR A5 5 g H
THAL RGN, BIUEssh iz R . BR 0 ER MR DL SR A SRR sh S 50 R, X

DOI: 10.12677/csa.2025.152035 85 PR 55


https://doi.org/10.12677/csa.2025.152035

TIREE, M
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Figure 2. The structure of SPPF
[E] 2. SPPF £5#4)

|

Figure 3. The structure of ECASPPF
[ 3. ECASPPF &5#4

el 3 frox, EFTIHE) ECASPPF BIHUE SPPF th5| N ECA TR b, W5 EAZ HEE)):
AINBRRGERE, BERT CAORBE BRARRRAE,  SCn] LBk — D 3R M R AORS FE AN G b, 17 Lkt IR B2 VR SR R
FEENE DL BRI R A

3.2. BiFPN

FEZITEN, FATRI BIFPN (UL 8 7 55 W 28) R A2 R Al AN [ SRR O RFAIE o A2 AL BRBE S,
R5I83) 1% BRI RO, JF BERTEI M AN R AL B 2 B L AN R AR, X Ee 2 R 1
WA RHERTE . BIFPN IISCSEAE T B RENS KR B AN Z AR L (5 Bt AT 8 G, A S 3 KR4S AL
R, T SO G FRAS 1

BRATHRAE 87 B R 2 (FPN) LT, A0 4(a) Bz, 38— P MRS vy (RR R R 5 SIS, B2 it /=
(RVRFAE_ERAE I 5 5 2 R RFAE AR R G, LA i 7 R O EL s 81 U R IR ERAE . R0, FPN
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Figure 4. Networks with different feature pyramids
B 4. TRFHES FEML%

Fg— A R 2 00 S 7 B BB 6 S T . 9 7 MR — 1, PANet BIN T —AE R 11
B BRI, (MR 1S B AL A MO RS R B, T (D) PR

JE FPN I PANet 2] T A5 4510 77 Wl AP 2, (BB ) PR S B I T A e, 5 %6
TR R AU 2 5. BEXT M, 76 BIFPN o1, RIFA S AE B AL T AR,
ST AT P e A

I 4(C)FFR, 76 BIFPN 20M, [ F Ak FF IR B A RIS, 00 b 2 UL O
(58 LA F R LB, LU R R E 7 (5 B BIFPN 1 B A 3
B T U 3 S FE B, 4R TR A, )T R ERREE, BIFPN BN T BG4 AR
A SR BAN R, TR T LAZE A A I B AR FO TR F b 258 A, L4, KT PANet,
BIFPN JE4— 1 T 0 F A E R b OB FE— /NS OB U4 2, 3 5ct 88 12 PRV MR I 1 JE R A
ST P2 R R 2

BIFPN 31 A 7 AUl 2 W, 205 AN AL AR T — ANAANHBLER . Sy T 4% BT 4 B
R T YRR AR, AR S Softmax ZeML, AT LI AR 1 4 B0, 110X Py . et Sk
BITRCHLE, BIFPN ZERBI A AERIRTHR T, 871 T VIR BRI . Bl 2 2R (1)«

Ozggi/(€+§§2]}~|i )

EARQ)E, O RFAHMBE, B ReLU Budi A RIERA i 6. BRI 50 5%
N BRILEITH QiiME: BES I E— MU # e = 0.0001 BLB IESUEAEE ; HE0 X LU AT
At e, A AR BGE XS AL | AT U &, A i 4R AE O

LLE 4(c) b P62 MBI, R ER A IR TS 508
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ARE@)MEB)H, Conv R BRIEIE, resize Tk FRFESL N RAEERAE, Po Pl AP, 2056 4
| P NRFAE A )RR AE A H ARFAE

BIFPN 454 115 E B 5 25 B o LLEBRECFE N, 51 PR R 03 RIER 1 A7 BN T B AR R B 2L
WL S AL ENLE], BIFPN A DL R Bk GRIER (0 SRR IR A0 . XA AR AR Al A I R v, AR
AR ) B AR5 T AN A AR, He v 5 BR DRI 3R %85 7] S TG [0 AR i 2 5 T 3 B K R AR

IEAl, BiFPN [ —AN 35 00 mi 2 HL XA 25 RO R R A BE T . B RE R R BRLL R TR Bk A ER 1 12 B RE
HHA Z REREE——TAEAFR AR 2 B R E _ERRIS R, BIFPN RS A AU A X LA [H R
REAE, AT B 52 BE M HE R R AR I BNAS o X PR A fl S R IR 1 8L T DA 2 AN ROBE SR Bk A FI BRI R
fiE, BEMSE T BRI R . AR e MR AT R

4. KR
4.1 HiRsk

AR FH I E S SoccerNet_v3_H250, T PPl B k37 56 N ER R0 BRA A2 (1 14 B« %44
et N il FAE R & FE PR A ZE AT 250 152, “07 KAbRIERR, “17 KRIFRIRAYILAHE.
Pt 7> BN BAEATS =873, B EEHCE 70 . 14,368 T 2726 7K1 2692 5K . BEAE
] LR BES23REL:  [SoccerNet_v3_H250] (https://github.com/kmouts/SoccerNet v3_H250).

4.2. FIERR
1. K1 (Precision, P)Fi A2 AR I A 1E 28 Sl b, S BRI IR IR 2RI He gl o el Fr) 2 A 28 7

D IS R HER
2. fAlE A (Recall, R)E R FTA SRRy IESR A LG, B IER RN IESRI LB . 8 B TR
A ISR S5 (1 fE

3. mAP50 (mean Average Precision at IOU = 0.5);& {£ 5 - Lt (Intersection over Union, loU) s % & N
0.5 IfE AL TR TR FESSME . X — 8 b5 A T VP4l B ARR IR £ B — loU BRI N B MERER I

4. mAP50-95 (mean Average Precision from 10U = 0.5 to 0.95)/& 15— % %1 loU 1 (M 0.5 ] 0.95,
I LA 0.05 (a1 RE) T ISP 30KE BE A « ZARbRie it 7 — NN PR LR G R B MR RE PPl AR v, BROAE
T AN E RS AR RN A I A R

4.3. KB iE

43.1. iEER TFMLE

T A EEREEFR R B ARSI RS B, ARSEER B JEIE T YOLOVSN. YOLOVSN A1 YOLOv10n [13]
TE NI 2, Jf 5 ECABIF-Y5n #EAT 4 Lsg it . SO % B A 45 1 A 2% A58 78 36k 7 f 09I 20 A
(YOLOV5N.pt, YOLOVSN.pt, YOLOVI1On.pt), #E47 200 #¢ill%%, [FIRS{REFER NG 7375 F N 640 x 640.
MRPE L 1B S R, BRI H AR FE ULk 5328 F, YOLOVSN (RIS IL T HoAh iy A7k . Aotk
Kk, fE “ER” KK 5HE, 5 YOLOvSn ALk, YOLOVSn SZHl 7AW 4R TE 5.7%, 7 [8] 10
5.9%, mAP50 #&7} 6.8%, mAP50-95 #&7t 2.6%; IfiAHXI T YOLOv1On, YOLOv5n 2B 5 i )G
MR TE T 6.5%, HIlFEE I 2.2%, mAP50 &7} 1 2.2%, mAP50-95 #2 7+ | 0.7%. HiJ YOLOV5Nn
TEBUME M BRAT AT S5 h RILE Sy, R IE R EAE NG S0 S T M4 . AT ECA HEJIHL
#5 BIFPN 2 J5, “BK” Z0JEHSHIRZ L YOLOVSn #2711 0.4%, mAP50 $2 7+ 7 0.8%, mAP50-95 4
T+ 0.2%.
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Table 1. Comparison experiment between YOLOv5n, YOLOv8n, YOLOv10n and ECABIF-Y5n
%z 1. YOLOV5n, YOLOv8n. YOLOv10n 1 ECABIF-Y5n BUXFEL S2E&

e it P R mMAP50 mAP50-95
YOLOV8n 79.6% 68.7% 70.2% 46.6%
N YOLOv10n 79.8% 70.4% 72.6% 46.6%
i YOLOV5n 83.9% 71.0% 73.6% 46.9%
ECABIF-Y5n 84.0% 71.0% 73.9% 46.8%
YOLOV8n 66.2% 41.1% 42.6% 17.9%
YOLOv10n 65.4% 44.8% 47.2% 19.8%
* YOLOV5n 71.9% 47.0% 49.4% 20.5%
ECABIF-Y5n 72.3% 47.0% 50.2% 20.7%
YOLOV8n 93.1% 96.3% 97.9% 75.2%
YOLOv10n 94.2% 95.9% 98.0% 75.4%
A YOLOV5n 95.9% 95.0% 97.8% 73.3%
ECABIF-Y5n 95.7% 95.0% 97.6% 72.9%

4.3.2. HRRSELS

N T B AEAS SCHR BT () A 45 AR T TR, HE TR e, 4R 2 PR, ECABIF-
Y50 fESE A AT A SOt JE 7252 T AR B H B AR R, R B E /N E AR (R ) 5T R
eIt mERBE R “N7 ) EWRRE T EPERE, UE T R A R SR

Table 2. Ablation experiment
2. HRASIE

e it P R mMAP50 mMAP50-95
YOLOV5n 83.9% 71.0% 73.6% 46.9%
N Y5n_BiFPN 82.7% 69.8% 72.3% 45.8%
il Y5n_ECASPPF 82.1% 69.3% 71.7% 45.2%
ECABIF-Y5n 84.0% 71.0% 73.9% 46.8%
YOLOV5n 71.9% 47.0% 49.4% 20.5%
Y5n_BiFPN 69.8% 45.7% 48.1% 19.6%
% Y5n_ECASPPF 68.9% 45.2% 47.6% 19.3%
ECABIF-Y5n 72.3% 47.0% 50.2% 20.7%
YOLOV5n 95.9% 95.0% 97.8% 73.3%
Y5n_BiFPN 94.6% 93.7% 96.6% 71.7%
A Y5n_ECASPPF 94.2% 93.4% 96.3% 71.3%
ECABIF-Y5n 95.7% 95.0% 97.6% 72.9%

43.3. FEGEEAABIN L
997 A ECA FER I HLIA ST 25 SIS0 , AT S04 F L5787 % FOE 2% 2 /7 WU, 3813 SE [14]
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CBAM [15]. CoordAtt[16]. PFAAM [17]F1 ECA FiflJrik. @il HLHOX LA M 1 LS vE = IHLHI (3 3
Fi7R), &5 278 ECABIF-Y5n fEFTA KA LA & “3R” S Rl s s 1 et sl

Table 3. Comparison experiment of different attention mechanisms

= 3. FRIEE NS EESL3E

% iR P R mMAP50 mAP50-95
Y5n_BiFPN_SE 83.3% 71.7% 73.4% 46.3%
Y5n_BiFPN_CBAM 84.2% 71.5% 73.9% 46.4%
sy Y5n_BiFPN_CoordAtt 82.2% 71.4% 73.2% 46.2%
Y5n_BiFPN_PfAAM 83.9% 70.6% 73.3% 46.1%
ECABIF-Y5n 84.0% 71.0% 73.9% 46.8%
Y5n_BiFPN_SE 71.0% 48.3% 49.1% 19.7%
Y5n_BiFPN_CBAM 72.9% 47.9% 50.2% 20.0%
Bk Y5n_BiFPN_CoordAtt 68.9% 47.7% 48.6% 19.3%
Y5n_BiFPN_PfAAM 72.5% 46.1% 48.9% 19.3%
ECABIF-Y5n 72.3% 47.0% 50.2% 20.7%
Y5n_BiFPN_SE 95.5% 95.1% 97.7% 72.9%
Y5n_BiFPN_CBAM 95.5% 95.0% 97.6% 72.9%
A Y5n_BiFPN_CoordAtt 95.5% 95.2% 97.8% 73.0%
Y5n_BiFPN_PfAAM 95.4% 95.1% 97.6% 72.9%
ECABIF-Y5n 95.7% 95.0% 97.6% 72.9%

4.3.4. FEFHEESFEXEH

N T VPG AN [FAREAE 46 - 55 0oF SR 45 SR AR SE 0, AHFF 04 %) LU 2 PR AIE 4 B ISE L, 045 PANet. AFPN
[18]F1 BIFPN. W14 4 iR, {EIXECRHES T IEBI LLE , ECABIF-Y5n fEFTA I & “Bk” 21
R A T B S

Table 4. Comparison experiment of different loss functions
= 4 TEHRK R ET I8

¥ T P R MAP50 mMAP50-95
Y5n_ECASPPF_PANet 83.2% 68.7% 72.4% 45.3%
e Y5n_ECASPPF_AFPN 82.1% 68.3% 71.8% 44.2%
ECABIF-Y5n 84.0% 71.0% 73.9% 46.8%
Y5n_ECASPPF_PANet 71.0% 46.2% 49.5% 20.2%
Bk Y5n_ECASPPF_AFPN 69.5% 45.8% 48.7% 19.6%
ECABIF-Y5n 72.3% 47.0% 50.2% 20.7%
Y5n_ECASPPF_PANet 94.8% 93.7% 96.8% 71.8%
A Y5n_ECASPPF_AFPN 94.2% 93.3% 96.4% 71.2%
ECABIF-Y5n 95.7% 95.0% 97.6% 72.9%
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4.3.5. 55/ B ER A 14 sEXTEE

N3 5 iR, N T VAL R AR A R BR L SRA AT 55 R e e gk, /RS ECABIF-Y5n 5
AN TN/ B AR AR AL BB R 4T T % LSS . X AN LAY 43 ) & SR “ HIC-YOLOVS: Improved
YOLOV5 For Small Object Detection” 1 #& tH ) HIC-YOLOV5 [19]F1 3C#k “ SOD-YOLOvV8-Enhancing
YOLOV8 for Small Object Detection in Traffic Scenes” H' /4[] SOD-YOLOV8 [20]. i jef 55 1% £ g A5 7Y
(b, AT LA #ERf Hh T & ECABIF-Y5n 7E SoccerNet_v3_H250 $ii4E [ RS FESET. Bhob, 1EH T
G3HTAN R R A AE T S B U FE A AL B B T T ) 22 5, AIER] ECABIF-Y5n AMUZEHERIE A Frig Tt
T HLAESE R B A A R B T s s AT 1 R

Table 5. Accuracy comparison with advanced small object detection models

5. St/ BN R R X EE

e it P R mMAP50 mMAP50-95
ECABIF-Y5n 84.0% 71.0% 73.9% 46.8%
e HIC-YOLOV5n 80.5% 69.1% 72.8% 44.6%
SOD-YOLOV8n 82.4% 71.5% 75.3% 46.8%
ECABIF-Y5n 72.3% 47.0% 50.2% 20.7%
Bk HIC-YOLOV5n 66.5% 45.5% 48.9% 20.4%
SOD-YOLOv8n 69.5% 47.4% 52.5% 22.0%
ECABIF-Y5n 96.1% 94.7% 97.6% 72.0%
A HIC-YOLOV5n 94.5% 92.8% 96.7% 68.8%
SOD-YOLOv8n 95.7% 95.0% 97.6% 72.9%

% 6 ffisn, ECABIF-Y5n IS MIZUIEE S SOD-YOLOV8Nn KEHRE, BRBEMAEE =T HIC-
YOLOV5n, {%F SOD-YOLOV8n, {H ECABIF-Y5n (it 5H &2 4<% (GFLOPs), S%&, EHIHEMT 5
AT, AEE AN ECABIF-Y5N T 7% 5 52 IR 5l Xt Sz i 2 SR A v 140 187 FH 377 55 b 4 JURR PO 34

Table 6. Efficiency comparison with advanced small object detection models
= 6. 55t/ BrtMRE B R xTEL

it 23 ZHi= T4 7% % (GFLOPS)
ECABIF-Y5n 173 1.93 M 45
YOLOV8N 225 3.16 M 8.9
HIC-YOLOV5n 285 2.34M 8.1
SOD-YOLOv8n 326 3.24M 12.7

5. &

AICHRH T —F ECABIF-Y5n HE4Y . Q%7 fids: @K YOLOvSN ) SPPF BLBuk T Bus, 2
ECASPPF #iftz, 2350 7 HX SR T MIRIERE /1 A AU A R & 55 & s 4R 1) FPN,
BA T N [RDROBE AR BE RS S, A LB T vk A s A A s R B 4E SoccerNet_v3_H250 L5
YOLOv8n A FI%f Lo, ECABIF-Y5N (4 7 SR HIRE i BE 4 T 4.4%, H R4 2.3%, mAPS0 $#27+
3.7%, mAP0-95 &7t 0.2%. “BR” HRHIEHIEIET 6.1%, A FEIZIETF 5.9%, mAP50 $£F+ 7.6%, mAPO-
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95 2T+ 2.8%. SHAhZ AT, ECABIF-Y5n WS T K45 R, X 5”7 ECABIF-Y5n 7
FERMAT S5 R TS HIZ A RE D S E vk . IR TR 700 T AL BREL S8 b R BRIFIE B3 — e I AER RS SR T, %
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