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Dense Vehicle Detection using Multi-Stage Prompting and Grid
Overlay with Vision-Language Models
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Abstract

Recent Vision-Language Models (VLMs) offer high flexibility by enabling object detection through text prompts
alone without additional training, However, in dense environments such as parking lots, where objects of the same
class are closely packed, VLMs suffer from under-detection in which adjacent objects are merged into a single
bounding box or some objects are missed entirely, due to spatial information compression in the visual encoder. To
address this problem, this study proposes a multi-stage prompting method that analyzes scene characteristics to
automatically generate prompts guiding the individual detection of densely packed objects, together with a grid
overlay method that composites virtual grid lines onto the original image to visually partition dense regions, without
any model modification or additional training. Experiments on three public datasets demonstrate that the proposed
method improves recall by 25.3 percentage points and Fl-score by 17.9 percentage points over the baseline, with
larger gains observed on more densely packed datasets, confirming its effectiveness in dense vehicle detection.
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Table 1. Dataset composition(number of images, vehicles,
and resolution level distribution)
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Fig. 2. Sample images from each dataset(left: DB1, center:
DB2, right: DBJ)
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Table 2. Performance comparison between Baseline and
Proposed method by dataset

(Precision, Recall, F1)

Method Precision | Recall F1

D1 Baseline 0.955 0.516 0.670
Proposed 0.936 0.753 0.835

0o Baseline 0.903 0.370 0.525
Proposed 0.833 0.633 0.720

03 Baseline 0.937 0.542 0.687
Proposed 0.889 0.772 0.826

Total Baseline 0.925 0.429 0.586
Proposed 0.871 0.681 0.765
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Fig. 3. Detection failure cases in Baseline: merged
detection (left) and under-detection (right)
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