F 43553 M FTRIFRFZR(ARHFR) 2026 4F 6 A
Vol.43 No.3 J Chongqing Technol & Business Univ( Nat Sci Ed) Jun. 2026

FEF IR YOLOVT )38 ELE 70y H b A I 52 7Y

ETEH, R &
I REF AN S TSR, 8 Edh 232001

W OEHN B AFETHEZFHEL P e AR A TTHE R e B ARG F R, £
YOLOv7 Al B3 T —Fr o mids B 5 %3408 YOLOVT B ARFEMIAEA  Jidk 28R 2 2R YOLOvT B3 A —As
KN 160x160 4 0~ B ARt & 4R FH 250y B ARG 4F AR5 3] 46 ), 51 /8 R M 28 AR ) 69 3 3R 51 X BiFormer 7 & 77 AL
), 3R E N B ARG KR AR VAR, EJ:V/T«%%%/W ISP RAAIL S k8 PELAN ## £ F W4 #) ELAN
B RV FEOAREREAE RBHNEENEE, ErE E | FIN MPDIoU 457 %k & 4k, 3291 i SFAE = )3 69
Sk B AR BB S AR 6 Sk %% Z BB BT AR A FloW T4 # % F 69 mAP £ 3] 71.5%),
AR YOLOVT MAAER R T 4. 7%  BERAK T REL TSR EAK11%F 7. 3%, i BT s £ KA .
BRERE T RAAEASELZ R BAREN NERER ERSHEGRN BRIV ERTLE, ZWAST
FEIREA
Yefiltin] ;) B ARKEM ; YOLOvT B A& AEA ; BiFormer; 32244 4 kB 2
gl $ ' X52; TP391. 41 SCERERISAD : A doi;10. 16055/]. issn. 1672-058X. 2026. 0003. 008

A Small Target Detection Model for River Floating Objects Based on Improved YOLOv7
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China

Abstract: Objective In the operation of cleaning river floating objects using robots, limited computational capacity and
complex river environments often lead to the missed detection of small targets. To address these issues, an improved
YOLOv7 object detection model that balances accuracy and lightweight design is proposed based on YOLOv7.
Methods First, a small target detection layer with a size of 160X160 was added to the original YOLOv7 to enhance the
feature learning ability for small objects. The BiFormer attention mechanism was introduced into the neck of the original
network model to improve detection performance for small targets, thereby reducing missed detections during river floating
object detection. Second, the ELAN module in the backbone was replaced with PELAN to reduce the number of
parameters and computational overhead, thus increasing the detection speed. On this basis, the MPDIoU loss function was
incorporated to accelerate the convergence and improve the accuracy of bounding box regression and enhance the
robustness of the network. Results The improved model achieved a mean average precision (mAP) of 71.5% on the
FloW subset from Oka-Zhibo, which was 4. 7% higher than that of the original YOLOv7 model. Moreover, the number of
parameters and computational cost were reduced by 11% and 7. 3%, respectively. Conclusion Comparative experiments
show that the overall performance of the improved model is better than that of the original network model and traditional

classic target-detection network models. The proposed model can reduce the model complexity while improving the
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accuracy, making it more suitable for practical applications.

Keywords: small target detection; YOLOv7 network model; BiFormer; lightweight; loss function
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CBAM A1 Biformer 74 55 3 AL, ARG o 1 2553 531 3K A5
T 0.3%.1.3%F1 2. 1% B #& 7, X T )5 WA & 8L
RGNS i B AR TE T Biformer BIL i WU 7E £ kS BE
R, RS A BT TR Ak , (15 9 45 e % R
YE A B AR DX A0 20 55 R AE , TG i 3 0 30T 38 7 3%
KM B SEPRT R . 286K F , Biformer 155 JIHLHI 5]
AU 7RG 0 3 B Ty EL A A T TR ) A
R RE 33 (o HLAE S B o FH o o LA

2.5 {iiheees

TH R SE 5 & 78 56 5E Ar 42 00 2 35 it X YOLOv7
BRI PEREPE T Rk, SCR R E 8 A, A HE
PREF A UL NG SEE A — B0 a5
AR A et R i o AT, xS et it A0 45 /N H
FrAG 2 ( Head ) | Biformer 1 & S WL . MPDIoU #5i 2%
PRACLA S PELAN #id SCEG45 L BAE R 2 o, Horp
“O eI RN T A I Y AR i

R2 HEAXEER
Table 2 Ablation study results

8 A Head Biformer MPDIoU PELAN FLOPs/G  Params/MB mAP% FPS
1 105.3 37.2 66. 8 71.7
2 V4 119.6 37.7 68.9 67. 1
3 v 99.3 37.5 70.0 71.5
4 v 105.3 37.2 67.3 72.9
5 v 84.9 32.7 65.9 83.4
6 v 114.6 37.7 71.8 67
7 114.6 37.7 72.2 69
8 v V4 v 97.6 33.2 71.5 77.2

%2 BTHA LI EE R E/R T YOLOVT Bk &t AN
e S BB HE L . JEAS YOLOVT ,mAP 4 66. 8% ;
AN BEFREINE  mAP $2 T+ 2 68.9% , 47K T/NH bR
Kl (4 38 BBl 51 A Biformer 1 & 1 AL #, mAP T} &
70. 0% , 1 550 & 9 /0, B R TR IR B R B OR
MPDIoU 5% pREL, 35 T AR [ [l S350 5 A6 e 1 2
TET ARG B Bl PELAN ik | S0t/ Amaz
Ak, K mAP WA R 255/ N R S
Biformer , mAP BEREZE 71.8% ,1Ei Biformer G 3%
;51 A MPDIoU #6512k PR £, mAP iK 5 72.2%, J&/R T
MPDIoU 7EHE FH A% B 1) DUk s Fe & B R L, mAP
71. 5% , RGBSR 55 4. 7% , 2800 AT 45 9

D 11%F0 7. 3% Kl AR A T 5.5, S50 RS EE AR T
LA fRT AL, X Re i B 3 T YOLOVT 76/ B brks:
e e s =S U [ [ R W A i [ =
XSG AE R W | i 2 i A5 S RN B ARSI |
Biformer 1 & J1 ML . MPDIoU #i 2k pR 4% A1 PELAN #%
He vl LR 4B YOLOVT 18/ H AR AT 55 b i
B, ORI B RS S EOA
2.6 XFEESEUS P
R T G R B A SO R B e AT S
H i b4 B9 83 . SSD | Faster R—CNN , YOLOvS5 #i
FBARAAY YOLO 5 Ho A AR 8 7 BR8N i 48 b ik
Xt bl SEaRab Rank 3 3% 4 iR,

x3 WHIBER

Table 3 Comparative experimental results

RS WANRT /M mAP@ Q. 5 mAP@0.5 : 0.95 Params/MB FPS

SSD(VGG) 720x720 0. 581 0.253 26.3 42

Faster R-CNN 720x720 0.402 0. 150 — 19
YOLOv5 720%x720 0. 565 0.245 36.2 69.2
YOLOv7 720x720 0. 668 0.279 37.2 71.7
YOLOv7~—tiny 720x720 0. 567 0.227 5.8 100. 9
YOLOv8m 720x720 0. 667 0.282 25.9 81.8
YOLOv9c 720x720 0.673 0. 285 25.3 83.1
ours 720x720 0.715 0. 304 33.2 77.2
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Table 4 Comparative experiment results of YOLO series

W 25 AL A WANRT /M mAP@O0. 5 mAP@0.5 : 0.95 Params/MB FPS
YOLOv7 720x720 0. 668 0.279 37.2 71.7
YOLOv8n 720%x720 0. 593 0.235 3.2 108.9
YOLOv8s 720x720 0. 622 0.259 11.1 89.2
YOLOv8m 720x720 0. 667 0.282 25.7 81.8
YOLOv8I 720%x720 0.677 0.285 43.7 78.3
YOLOv8x 720x720 0. 689 0.291 66.9 62
YOLOvOt 720x720 0.611 0.273 2 122
YOLOv9s 720x720 0. 638 0.279 7.1 95.4
YOLOv9m 720x720 0.679 0.289 20 88.7
YOLOv9c 720x720 0. 673 0.285 25 83.1
YOLOv9e 720x720 0.692 0.295 58.3 69.8

ours 720%x720 0.715 0. 304 33.2 77.2

HGHE IR BRI AE B ARSI v e IO T
A FARRIAE 5 HAD AR T, £ mAP@O. 5
FPEAG bR b, 2B B e SSD R TF T 13.4% , M T
Faster R—CNN Ht75 7 8 K A9 2 B0 B, 1k YOLOvS #2
5T 15% , 3% HAHXF T YOLOv7 . YOLOv8x Al YOLOv9e
IYIERTET 4.7% 2. 6% F 2. 3% ; % 1o HoAth 5% 54k 1Y
AR $ETHERE 200 5, e ik 2 14. 8%, 1E FPS 145
s b, 12208 A R HE YOLO HE Al 42 B A i AS s
AR, HREUE T 2 PR 7K .

M YOLO F91 S H A R Ak IR A 1 X L 45 SRR R
AR A R AR U/ S B0 T T R A (R AR A
DR B L A BT eh . SR, Zead B AR RN G IS T
YOLOvV7 #8Y  AMUAESHE AT /b B d 2 2,

(a) YOLOV7 M4& &8

Fig.9 Com

o

(a) YOLOV7 M &1y
10 /MNEIRERENE R

Fig. 10 Comparison of detection results on an image with small targets
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parison of detection results on an image with dense targets
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FEAFSEECRE Sy, (LA AR /N H ARSI A P i v
B TEILEERE E5 1A MPDIoU #12% s %k, H B A T = i
1 FUHE [ VR R FIOKG 2 | [R] N T AL 5 e 72, e g T 4
il AR @ k5] A PELAN 4544, YOLOvT #5RI 1) &8
FRPEAS R T RRAR, SEE0 T ARG I S R RIORS B 2 1) 484k
A, SCEES R BN SR YOLOVT FERGPERE
R TR AR BT DL R FL A S i H bRk AR R
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