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[Abstract]

Recent models for single-stage real-time object detection have achieved high performances; however, their accuracy for small
objects remains limited. This study proposes EC-YOLO(efficient channel you only look once), a channel attention-based model
designed to improve small object detection in real-time embedded systems. Although YOLOv8 employs a multi-scale feature
pyramid structure, it tends to be biased toward large objects. To address this issue, we introduce a channel-wise feature
recalibration mechanism and a high-resolution P2 detection head. The proposed model integrates a lightweight efficient channel
module (ECM) into the backbone and neck to enhance feature representation for small objects. Experiments on a vehicle logo
dataset show that EC-YOLO achieves up to a 2.7% improvement in mAP@50 compared to YOLOvS while also improving

inference speed.
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Fig. 1. HTH-YOLOVS5 architecture for small object detection [11]
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Table 2. Architectural comparison between YOLOvV8 and
proposed EC-YOLO

Component YOLOV8 Proposed EC-YOLO
Backbone CSP-based CSP backbone +
backbone ECM
Neck FPN + PAN FPN + PAN + ECM
Channel Attention Not applied ECM
Detection Heads P3, P4, P5 P2, P3, P4
Large Object Branch P5 (32%) Removed
Real-Time Inference Yes Yes
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Table 3. Performance comparison of YOLOV8 variants
Model Pa”a(mters MAP@50 | mAP@50-95 T'?;eée(?ﬁ:)
YOLOv8n 3.0 0.553 0.244 1.4
YOLOv8s 111 0.662 0.277 2.0
YOLOv8m 25.8 0.699 0.299 3.9
YOLOvSI 43.6 0.715 0.310 4.3
YOLOv8x 68.1 0.741 0.348 6.0
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Table 4. Performance comparison between YOLOv8 and
proposed EC-YOLO
. Inference
Model MAP@50 | mAP@50-95 | F1 Score T ()
YOLOv8n 0.553 0.244 0.58 1.4
0.567 0.251 0.62 1.2
ECYOLON | (o 59%) | (+2.9%) | (+6.9%) | (~14.2%)
YOLOV8s 0.662 0.277 0.68 2.0
0.68 0.291 0.70 1.7
ECYOLO=s | (157%) | (+51%) | (+2.9%) | (~15.0%)
YOLOV8m 0.699 0.299 0.69 3.9
0.707 0.309 0.71 3.1
EC-YOLO-m | (11 yor) | (+3.3%) | (+2.9%) | (-20.5%)
YOLOVSI 0.715 0.310 0.72 4.3
0.722 0.321 0.74 3.8
EC-YOLOT | (11 0%) |  (+3.5%) | (+2.8%) | (-11.6%)
YOLOV8x 0.741 0.348 0.73 6.0
0.756 0.361 0.75 4.7
ECYOLOX | (5 0%) | (+3.7%) | (+2.7%) | (-21.6%)
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