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ECG-YOLO: Improved object detection algorithm for autonomous
driving scene based on YOLO11n

Yang Weihao Xu Xiaolong Dong Mincong Bian Junliang Wang Huiting

(College of Information Science and Engineering, Hohai University, Changzhou 213200, China)

Abstract: To address the challenge of missed detections for distant small objects and occluded targets in complex
autonomous driving scenarios, this paper proposes an improved algorithm based on YOLOIlln. First, an efficient
multi-scale attention mechanism is introduced to replace the original C2PSA module in the backbone network. It
performs group reshaping and parallel multi-scale fusion without reducing channel dimensions, thereby enhancing the
model’s focus on small objects. Second, an additional 160 X 160 detection layer is incorporated to leverage detailed
spatial information from shallow features for the precise localization of small targets. Furthermore, a context-guided
module, designated C3k2-CGB, is designed to augment feature fusion with global contextual information, improving
the recognition capability for occluded objects. Finally, the Wise-IoU loss is adopted for bounding box regression.
which suppresses the harmful gradients from low-quality examples. Experimental results on the KITTI dataset
demonstrate that the improved model achieves a 5. 9% increase in mAP and a 10. 3% gain in recall, while reducing the
number of parameters by 10.1%. It outperforms several mainstream YOLO variants, showing significant
improvements in detecting small and occluded objects.

Keywords: object detection;small objects;occluded objects; multi-scale attention;context guided module;lightweight-storage
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Table 1 Experimental parameters
S8 SR
LN N 640X 640
Wl 2 2] % 0.01
Ak s SGD
b8 K 32
HAREEL 200
b5 0. 937
3.3 iffHIER

SR T IR A A AR A I B L AR SO A Il
% Recall . mAP@0. 5, mAP@0. 5, 0. 95, B I Z: B8 & A
RS FEAR . LTS F L h — 2 5 An i A X
TP Ry IEFEAR, S BR b 2 E AR A CFP ORI o 1F #
A%, S L SRR T ENCHUIN R RE AR, 52 B 1 1E AR
A, ToU FrnBLRUR I Y X 350 5 52 B B B X 38k 1Y) 8 &
T,

A5 B (precision, P g AR 78 350 I (14 1F A% A< 205 BT A 6 I
BN PAEARBZ L TR TR N (1) R .
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A R (recall s RO 7 8 1 /2 B 80K 0 1E 5 H b 1) fg
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mAP (mean average precision) 4% ¥ Fr 5 ¥ A< 25 51l 1
AP {H BT 5915 31 1% 25 52 ok A B2 85 70 7E i A 2800 19
A0 i, H A = (160 R .

1 N

mAP = NZAP,
Ko AP, Fonts BARS ¢ NZA YRR N Fom I
BPEE PR AR ZE R B, mAP@0. 5 F s KMl A ToU
BB N 0.5 I 4K . mAP@O. 5:0. 95 2755 A ) 45 Y
ToU #% 0. 5~0. 95 I A - 285 )3
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16 KITTT B4 48 b, s P28 B bp il % B RSF R/ & (]
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Table 2 Comparison between the improved model and YOLO11n

AP/ %
A Params/M mAP@0. 5/ % mAP@0. 5.0. 95/ % O -
Car Pedestrian Cyeclist
YOLOIl1n 2.58 82.9 55.9 94. 8 72.4 81.6
A3 2.32 88. 8 59.4 96. 0 81.8 88.7
2) 1M Rl 55 56 RERIHEAT T RE R H AL L0, SEE 25 R an 3R 3 froR (R

N T B UEAR SCAR Y R e SR S 0 A SO L AR SR R

7RI R N LY B SR

x3 HBLELIE
Table 3  Ablation experiment
A EMA Layer C3k2-CGB WloUyg L oTms/ mAP@0.5/ AP/ % — APs APm APl R/%
% Car Pedestrian Cyclist
71 2.58 82.9 94. 8 72.4 81.6 23.8 50.9 67.2 71.4
H2 2.33 83.5 94.7 72.9 82.9 27.1 50.8 66.3 73.2
M3 N/ 2.42 87.7 96. 6 78. 4 88.1 31.7 51.8 67.7 77.5
Ha J N J 2.32 87.8 96. 6 78.5 88.4 31.8 53.2 66.2 78.0
Hs5 J NG N/ N 2.32 88.8 96. 0 81.8 88.7 32.4 53.8 66.3 81.7

1 F KITTI 4 5 b Pedestrian A Cyclist &5 434
TE RN RO R, BR A ARSI 1Y, B A 33 B 5 25 H
PR AP ZE4E L S APs 1 APm A E(ELAE Ay i AR 7Y X6t ot
/N BAREINRE T EBEARE . SCIn A AR R, A O R
B OOT A ARG 0 B A T R A B AR . R A A
Senh b E S BB R R SR I 5 R k. R A EMA
BIH R 5 B T W 45 o 9 C2PSA ik, L4 R BN,
FEASE R S 4 S BRAIG 9. 6 XM ATHE R, mAP@o0. 5 % {734
F+ T 0.6%, HH, Pedestrian Fi Cyclist i AP {& 43 5 #&
0. 5% 1.3% H APs M 23.8% #-TFFZ= 27.1%. %MW
EMA 5 HUFE Fe 45 155 78 RS 1) [R] B, A R il 1 &2 2% 7 o
TR ITUARAR B /N H AR B FRAE SR B i ghivge . B . R
2 BB/ B AR BRI BE 7. FEAL 3 W El A P2 KR
o i mAP@o0. 5% W 8T 4. 2%, WER K Z

By AP 224k, LL/N H #5818 Pedestrian #1 Cyclist 1 AP {8
Sy ks 5.5% (AN 72.9% $E T E 78.4%) Ml 5.2% (W
82. 9% EF = 88.1%0), 1 H bR K1 Car (U F 1. 9%,
[E B, APs Fl APm 43 B35 8] T 31. 7% F1 51. 8 %6 1Y i a5
WET P2 ZmIHR I T R E T ORFE £ 2K 1) Pedestrian 1
Cyclist F¢fiE, R B8 T 2 & /0 Br i 25 R 4075, w F 5 T
BRGS0 H bR I EATBE . 72 A EMA 81 P2 46
IR LA 4 KNG TP IT A C3k2 BEHL B 4 S AR SCIR T
Y C3k2-CGB BB, X F 5 B4 ) Cyclist Fl Pedestrian, H
AP {EAK IH 4 F5 76 88. 4% Al 78. 5% B & i, Recall #2 7+ &
78. 0%, FNt i~ LM TR SHESERE., &L
JEL CloU $i 2% sR B i 8 Jy WIoUv3 , SEU 4% J 2 W, Pedestrian
B AP B 1K KR BR T+ 3. 3% (A 78. 5% #2 T+ = 81. 8%0),
APs 5B ALK 32.4% . R mAP@0.5% 42T+ 1.0%,
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KITTI $tdi % LTl 50K, £ 4 BR T ARSIk TE
KITTI 484 H ARkl b g scse 45 4

Recall #2 7+ 3. 7%, 1] WL, WloUv3 il i sh S JE s R =
B30 A 7 L 7 TR AL Pedestrian 33 2445 57 1 1 g 4] . A
7 AT A 312 ARG RS B

3) X il 56

ki ECG-YOLO Bik7e A g2 35 M LR G 4
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Table 4 Comparison of results of various models
o AP/ % | mAP@0. 5/ R/ % | R/~ Params/ . o opg
Car Pedestrian Cyclist % Car Pedestrian Cyclist %
YOLOv8n  94.4 74.0 83.1 84.0 88. 4 60. 3 72.2 73.6 2.68 6.8 184
YOLOvV9s 96. 1 78.8 86. 7 87.2 90. 9 65.3 77.5 77.9 6.19 22.1 69
YOLOv10n 94.3 69.7 79.9 81.3 87.5 56. 3 69. 1 71.0 2.69 8.2 145
YOLOIlIn  94.8 72.4 81.6 82.9 88. 4 57.2 68. 7 71. 4 2.58 6.3 196
ECG-YOLO 96.0 81.8 88.7 88.8 92.7 70.8 81.8 81.7 2.32 9.4 170

A DL Y, AR 3CHT $ 07 1 MR A T R At 3 9 I 4% L G T
B mAP@o0.5 Fl A M % R # /2 & =, i5 3 88. 8% Al
81. 7% HLIR M4 $ & T 5. 9% AN 10. 3%, WA g i T HAh 5
L RMEEAD N R . RMESFEENZE, K 4
AR B8 ECG-YOLO Wit HE &N 9.4 G AHE T LK
HIBAINT 29 3.1 G, H FPS M\ 196 TREZE 170, X &5 A
Ay HEE P2 U BARRIE BE s kR, i T P2 R E
BEALTE 160X 160 NEEMR, . HERzABERERT
TIZ WL, NI 45 FR G i — 8 M HE AT SR 3 Jn . (H7E A
BB IR X ST S T 2R R, WA —
T R NG e T e e A S B I
ECG-YOLO LA B 09 1+ 5 3 A, e B T A [l 32
ik 10.3% B 3 # TF, % 2 EF X Pedestrian
Cyclist 33 m /6 55 3 H bn, A 3% 400 Kl B3+ T

(a) YOLO1 1y 25 5
(a) Detection results of YOLO11n

A 8

13.6% M1 13. 1%, HH: 3= 20 BE 4 5m 88 [ 3h 2 B 30 fps
PSR PE AR R . B B REREE R R IER, 5F
E# 4R,

LA RFECG-YOLO BRI P2 EM 5| Ak T 1t
BENOE K BRI ST s A A RS R R A
Wit Bir. ERIERA R R E ST E AR T,
A R T T A AT N 5 A A I U R R, R T
e ) T AR SE A .

) K R f s %

T B T O b JRR 7 T SR A S P R T A
FEFB A B E4E HE AT B0 S 9 YOLO11n ) 4% 48 {40KS
BEA T4 10 5 LT S U G 17 LA 9T T S AR 0 v 0T A Y
VL Ko /IN B RRIEAT R0 L AEAS [R) B2 2% 3 5 T R I o R G B
T b v aE MR . DA R B 8~10 Fis,

(b) ECG-YOLO# Jli 45 5
(b) Detection results of ECG-YOLO

UNERZRITE

Fig. 8 Missed detection of small targets
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(2) YOLO! InK il 45 51
(a) Detection results of YOLO11n

(b) ECG-YOLOK &5 R
(b) Detection results of ECG-YOLO

(SIRANEE 5 SER &2 SN L

Fig. 9 Missed detection due to object occlusion

(a) YOLO1 I 355 5
(a) Detection results of YOLO11n

(b) ECG-YOLOH il 5 5
(b) Detection results of ECG-YOLO
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Fig. 10 Missed detection in dense and dim pedestrian scenes
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