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[Abstract]

In this paper, we propose a training-free method that mitigates degradation in accuracy and temporal
stability while improving system efficiency for YOLO-based detectors in low-frame-rate (Low-FPS)
environments. The proposed approach preserves the YOLO backbone and neck, caches feature maps (P3
—P5) right before the Detection Head at Anchor frames, and operates in a Sparse-Backbone manner by
performing head-only inference on linearly interpolated features from neighboring Anchors for
non-anchor frames. Under a system-level end-to-end(E2E) protocol (5 independent runs, mean =+ std), it
reduces backbone invocations by about 50% while retaining 98.48% of the baseline mean Average
Precision at IoU 0.5 (mAP@50), decreasing processing latency (Lat proc) by 26.60% and improving
processing throughput (FPS proc) by 36.11%. These results confirm that the proposed method can serve
as a practical training-free inference module that preserves detection quality and temporal stability while

improving system efficiency in Low-FPS and resource-constrained deployments.
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IV. Experimental Results
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Table 1. System environment

Parameter Value
0S Ubuntu 24.04 LTS
CPU Intel Xeon Gold 6240 x 2
RAM DDR4-2933 512GB
GPU Nvidia Quadro RTX8000 48GB
CUDA 11.8
PyTorch 2.3.0+cul18
Ultralytics v8.4.13
Precision FP32
Table 2. Runtime control
Parameter Value
VisDrone2019-VID-test-dev
Dataset

(17 sequences, 6,635 frames)
640x640, batch=1
conf=0.25, IoU=0.5

5 runs,
warmup 50 frames excluded

Input / batch
Thresholds

Runs / warmup

Table 3. Metric definitions and reporting policy

Parameter Value
Ev.aluatlon Original timeline (6,635 frames)
alignment
FPS_out output frames / wall time
FPS_proc processed frames / wall time
Lat_out / 1,000/FPS_out and
Lat_proc 1,000/FPS_proc (ms)
i + YOL
E2E Scope Preprpcess + (VFI if used) OoLO
inference + postprocess
L Same preprocessing/postprocessing
Same pipeline and identical thresholds (conf/IoU)
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45 Temporal Stability and Overall Discussion
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Fig. 6. Temporal Stability — Streak Length



Training-Free Feature-Level Interpolation with Sparse-Backbone Scheduling for YOLO Detection in Low-FPS Video 55
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Table 4. Computational Cost - Backbone Count

Parameter Backbone Count
Baseline 6,635
Low-FPS 3,320
Pixel-Level VFI 6,635
DL-VFI(RIFE) 6,635
Feature-Level VFI 3,320

Irregular Low-FPS
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Fig. 7. System E2E Latency and FPS
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4.9 Additional Analyses (Ablation & Generalization)
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Table 5. Multi-scale ablation (P3/P4/P5) for
Feature-Level VFI(A=2)
Scale IDSW/
- mAP@50 IDF1 1KTP FPS_proc
P3 only 0.4025 0.5598 48.88 84.58
P3 + P4 0.4083 0.5664 40.35 86.97
P3-P5 0.4086 0.5675 39.24 88.38

P3 only Tj¥] P3-P5+= mAP@500] °F 1.52% 7jAE]
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Table 6. Training-free interpolation alternatives for
Feature-Level VFI(A=2)

Method mAP@50 Flicker(%) FPS_proc
Linear(ours) 0.4086 9.15 88.37
Copy(nearest) 0.3881 12.36 87.4
Motion-gated 0.4049 9.51 85.96
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4.10 Failure Modes and Correlation Analysis
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V. Conclusions
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