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Abstract. This keynote paper summarizes RAXO, a work published
in the IEEE/CVF International Conference on Computer Vision 2025.
Open-vocabulary object detection (OvOD) is set to revolutionize secu-
rity screening by enabling systems to recognize any item in X-ray scans.
However, developing effective OvOD models for X-ray imaging presents
unique challenges due to data scarcity and the modality gap that prevents
direct adoption of RGB-based solutions. To overcome these limitations,
we propose RAXO, a training-free framework that repurposes off-the-
shelf RGB OvOD detectors for robust X-ray detection. RAXO builds
high-quality X-ray class descriptors using a dual-source retrieval strat-
egy. It gathers relevant RGB images from the web and enriches them via
a novel X-ray material transfer mechanism, eliminating the need for la-
beled databases. These visual descriptors replace text-based classification
in OvOD, leveraging intra-modal feature distances for robust detection.
Extensive experiments demonstrate that RAXO consistently improves
OvOD performance, providing an average mAP increase of up to 17.0
points over base detectors. To further support research in this emerging
field, we also introduce DET-COMPASS, a new benchmark featuring
bounding box annotations for over 300 object categories, enabling large-
scale evaluation of OvOD in X-ray.

Keywords: Open-vocabulary object detection · X-ray imaging · Secu-
rity screening · Training-free adaptation

1 Introduction

X-ray object detection is a key technology for security screening in high-risk en-
vironments. However, most existing detectors are trained in a closed-set setting
and can only recognize a limited number of annotated categories [4]. This restric-
tion is especially problematic in X-ray imaging, where collecting and annotating
large-scale datasets requires specialized equipment and expert supervision.
⋆ Original paper: Superpowering Open-Vocabulary Object Detectors for X-ray Vision,

IEEE International Conference on Computer Vision, 2025. ICCV is ICORE A* conf.
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Fig. 1. Overview of RAXO.
Open-vocabulary object detection offers a promising alternative by allowing

detectors to recognize categories specified at inference time. While this paradigm
has achieved strong results in RGB images [10, 2, 3], transferring it to X-ray
imagery remains challenging because of the strong modality gap between natural
and X-ray images.

In this work, we propose RAXO (tRAining-free adaptation for X-ray Open-
vocabulary detection), a training-free approach that adapts RGB OvOD detec-
tors to the X-ray domain without additional training. We also present DET-
COMPASS, a large-scale benchmark for evaluating open-vocabulary detection
in X-ray imagery. Together, these contributions advance flexible and scalable
object detection for security screening scenarios.

2 Method

As shown in Fig. 1, RAXO adapts RGB OvOD detectors to X-ray imagery
without training. Given a test vocabulary Ctest, it constructs a visual descriptor
Xc for each class c and uses these descriptors as classifiers for region proposals
generated by an off-the-shelf detector.

Visual sample acquisition. For each class c, RAXO first retrieves K X-ray sam-
ples from an in-house database when available. Since the vocabulary is open-
ended, some classes may not exist in this database. In such cases, RAXO re-
trieves RGB images from the web using the class name as a query and filters
them with an RGB OvOD detector. To bridge the RGB–X-ray gap, we introduce
a material-transfer mechanism: an LLM associates each class with a material,
and the corresponding X-ray appearance is estimated from in-house X-ray sam-
ples. This appearance is then rendered inside the object mask of the web image,
producing synthetic X-ray-style samples.

Class descriptor modeling. Given the X-ray-style gallery GXRAY
c , RAXO ex-

tracts patch-level features using a visual encoder ϕ and segments the object with



Ω. For each sample I, foreground and background prototypes are computed as

xpos
I =

∑
ζ(Ω(I))⊙ ϕ(I)∑

ζ(Ω(I))
, xneg

I =

∑
(1− ζ(Ω(I)))⊙ ϕ(I)∑

(1− ζ(Ω(I)))
. (1)

The final class descriptor combines the average foreground prototype with all
individual foreground prototypes:

Xc =
[
x̄pos
c , {xpos

I | I ∈ GXRAY
c }

]
. (2)

A global background descriptor Xbg is built from negative prototypes.

Visual classification. For a proposal feature zm, RAXO replaces the original text
classifier with nearest visual-descriptor matching:

ĉ = argmax
c∈Ctest∪{bg}

max
x∈Xc

⟨zm,x⟩. (3)

Proposals classified as background are discarded. We further apply a descriptor
consistency criterion that suppresses proposals whose similarity to the predicted
class is not sufficiently larger than their similarity to other classes.

3 DET-COMPASS

Existing X-ray detection datasets have few annotated categories, limiting open-
vocabulary evaluation. We introduce DET-COMPASS, a benchmark derived
from COMPASS-XP [1], with manual bounding boxes for 370 object categories
and pixel-aligned RGB/X-ray pairs for multimodal evaluation.

4 Experiments

Setup. We follow a Cross-Modality Transfer Evaluation protocol, training
detectors on RGB data and testing them directly on X-ray datasets without
fine-tuning. RAXO is evaluated with GroundingDINO [3], Detic [10], VLDet [2],
and CoDet [6] on PIXray [5], PIDray [8], CLCXray [9], DvXray [4], HiXray [7],
and DET-COMPASS.

Results. As shown in Tab. 1, RGB OvOD detectors perform poorly when di-
rectly transferred to X-ray imagery. RAXO consistently improves all evaluated
detectors and datasets by replacing text-based classification with X-ray visual
descriptors. Even in the fully web-based setting, where no in-domain examples
of the target classes are available, RAXO improves AP by 2.1 points on average.
In the fully in-domain setting, RAXO achieves an average improvement of 14.7
AP points. These results show that intra-modal visual matching is substantially
more reliable than RGB text-to-X-ray feature alignment.
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G Method D-COMPASS PIXray PIDray CLCXray DvXray HiXray Avg.

G-DINO [3] 13.4 12.9 10.9 6.7 10.0 7.0 10.2
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100/0 47.9 ↑34.5 36.9↑24.016.5↑5.6 22.2↑15.5 22.6↑12.6 17.1↑10.127.2 ↑17.0
80/20 41.0 ↑27.6 33.8↑20.915.4↑4.5 18.0↑11.3 21.0↑11.0 14.5↑7.5 24.0 ↑13.8
50/50 + RAXO 31.4 ↑18.0 25.4↑12.515.5↑4.6 17.0↑10.3 16.1↑6.1 13.4↑6.4 19.8 ↑9.6
20/80 20.5 ↑7.1 21.6↑8.7 13.9↑3.0 10.0↑3.3 15.0↑5.0 9.8 ↑2.8 15.1 ↑4.9
0/100 14.0 ↑0.6 16.1↑3.2 13.4↑2.5 7.1 ↑0.4 12.4↑2.4 7.9 ↑0.9 11.8 ↑1.6

VLDet [2] 10.6 9.8 6.9 4.4 7.4 5.1 7.4
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100/0 36.4 ↑25.8 32.3↑22.511.7↑4.8 15.4↑11.0 20.1↑12.7 14.8↑9.7 21.8 ↑14.4
80/20 31.8 ↑21.2 29.2↑19.411.0↑4.1 12.7↑8.3 16.8↑9.4 13.1↑8.0 19.1 ↑11.7
50/50 + RAXO 23.7 ↑13.1 24.0↑14.210.4↑3.5 11.1↑6.7 12.1↑4.7 11.2↑6.1 15.4 ↑8.0
20/80 16.2 ↑5.6 21.6↑11.8 9.4 ↑2.5 5.2 ↑0.8 10.6↑3.2 9.3 ↑4.2 12.1 ↑4.7
0/100 11.1 ↑0.5 14.1↑4.3 8.9 ↑2.0 4.4 ↑0.0 9.0 ↑1.6 8.3 ↑3.2 9.3 ↑1.9

Detic [10] 11.5 9.3 7.1 4.7 7.0 4.8 7.4
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100/0 35.3 ↑23.8 27.3↑18.011.3↑4.2 14.0↑9.3 19.4↑12.4 14.2↑9.4 20.3 ↑12.9
80/20 30.7 ↑19.2 23.9↑14.610.8↑3.7 12.3↑7.6 18.0↑11.0 12.1↑7.3 18.0 ↑10.6
50/50 + RAXO 24.4 ↑12.9 19.5↑10.210.3↑3.2 9.2 ↑4.5 14.6↑7.6 11.0↑6.2 14.8 ↑7.4
20/80 16.4 ↑4.9 15.2↑5.9 9.6 ↑2.5 8.0 ↑3.3 12.7↑5.7 9.9 ↑5.1 12.0 ↑4.6
0/100 11.9 ↑0.4 13.4↑4.1 9.1 ↑2.0 5.2 ↑0.5 9.4 ↑2.4 7.9 ↑3.1 9.5 ↑2.1

CoDet [6] 8.4 7.3 5.7 3.1 5.6 3.4 5.6
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100/0 35.8 ↑27.4 27.9↑20.610.3↑4.6 14.8↑11.7 17.6↑12.0 13.2↑9.8 19.9 ↑14.3
80/20 32.2 ↑23.8 25.1↑17.8 9.5 ↑3.8 12.0↑8.9 15.4↑9.8 11.7↑8.3 17.7 ↑12.1
50/50 + RAXO 24.0 ↑15.6 20.0↑12.7 9.5 ↑3.8 9.2 ↑6.1 11.5↑5.9 9.9 ↑6.5 14.0 ↑8.4
20/80 17.8 ↑9.4 14.8↑7.5 8.5 ↑2.8 5.1 ↑2.0 9.4 ↑3.8 8.1 ↑4.7 10.6 ↑5.0
0/100 12.2 ↑3.8 11.5↑4.2 8.1 ↑2.4 4.0 ↑0.9 6.9 ↑1.3 6.5 ↑3.1 8.2 ↑2.6

Table 1. X-ray OvOD performance under the CMTE setting
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