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Abstract In object detection research, multiscale feature fusion—combining feature maps of
different scales to detect objects of varying sizes —has become a critical focus. Network structures like
Feature Pyramid Networks (FPNs) and Path Aggregation Networks (PANets) have been developed to
address this challenge. PANet, an enhancement of FPN, integrates both top-down and bottom-up
pathways, leading to significant improvements in object detection performance. However, during
multiscale feature fusion, PANet’s upscaling and downscaling processes can result in the loss of crucial
low— or high-level information from the original feature maps. In this paper, we introduce the Octave
C2f module, which employs octave convolution to seamlessly fuse feature maps of different sizes
without the need for additional processing. This innovative approach enhances accuracy while reducing
computational complexity. Experimental results on the PASCAL VOC and MS COCO datasets
demonstrate improved accuracy, reduced computational effort, and a decrease in parameter count
compared to the default YOLOVE model.
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Fig. 1 Detailed structure of C2f module
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Table 3 Comparison with YOLOvVS8 using COCO dataset
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Model #Param. FLOPS APt
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Table 4 Comparison with various object detectors

Model Backbone FPS 4pv
2-stage detectors
Fast R-CNN VGG16 05 19.7%
Faster R-CNN ResNet-101-C4 5 34.9%
Faster R-CNN ResNet-101-FPN 7 36.2%
Mask R-CNN ResNet-101-FPN 8  382%
Mask R-CNN ResNet-101-FPN 9  398%
Cascade R-CNN ResNet-101-FPN 8 42.8%
1-stage detectors
SSD513 ResNet-101-SSD 19 31.2%
DSSD513 ResNet-101-DSSD 21 332%
RetinaNet ResNet-101-FPN 8 39.1%
RetinaNet ResNet-101-FPN 7 40.8%
YOLOvV3 Darknet53 35 33.0%
YOLOV4 CSPDarknet53 33 435%
YOLOvV8-M CSPDarknet53 57  483%
Octave-YOLO-M  CSPDarknet53 58  49.2%
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