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A B S T R A C T

3D scene understanding in brownfield industrial environments plays a critical role in operation and maintenance 
activities. However, the absence of reliable 3D information poses significant challenges for accurate object 
detection. Existing 3D object detection methods rely on labelled datasets, which are scarce in industrial contexts 
given the complexity and diversity of assets. In addition, current methods often require depth information and 
camera parameters for 2D-to-3D transformation. To address these limitations, this paper proposes a training-free 
open-vocabulary monocular 3D object detection approach that eliminates the reliance on labelled datasets, depth 
information, and camera parameters. The approach integrates prompt-guided detection, depth and camera 
parameter estimators, and an adaptive noise filtering method for 3D bounding box prediction. To evaluate the 
proposed approach, experiments were conducted in an industrial environment in Australia, achieving 3D mIoU 
of 0.4251 for electrical kits, 0.3205 for pumps, 0.3659 for tanks, 0.2823 for valves, and 0.2217 for wires.

1. Introduction

Operation and maintenance (O&M) activities in industrial environ
ments often impose substantial financial burdens across various systems 
[1]. In the United States, interoperability issues in the Architecture, 
Engineering, and Construction (AEC) sector result in annual in
efficiencies of approximately US $15.8 billion, with around US $10.6 
billion occurring during the O&M phase [2]. In water and wastewater 
treatment facilities, O&M expenses can account for 50–75% of total 
lifecycle cost of these assets, rising to 85% in some cases [3]. In process 
manufacturing industries, recent studies report that maintenance costs 
may represent 40–70% of production costs [4]. Furthermore, the 
adoption of advanced maintenance strategies, such as predictive main
tenance, has been shown to reduce unplanned downtime by 52.7% and 
defects by 78.5% compared to reactive maintenance approaches [5].

Industrial environments contain a diverse range of small and large- 
scale assets. 3D scene understanding in these settings is critical for ap
plications including asset management [6] and autonomous inspection 
[7]. Although 3D models are created for newly-designed industrial en
vironments, most brownfield sites lack up-to-date spatial information 
required for effective 3D scene understanding [8]. Data capturing in 
these environments and identification of critical assets can improve 
maintenance workflows, such as remote monitoring [9]. However, the 
manual detection and localisation of assets within the captured data is a 

time-consuming and resource-intensive process [10]. Therefore, object 
detection in brownfield industrial sites is essential to facilitate 3D scene 
understanding and O&M activities.

Object detection in brownfield industrial environments can be per
formed using LiDAR-based [11], stereo vision-based [12], and monoc
ular techniques [13]. However, the high cost of LiDAR sensors and the 
complex calibration requirements of stereo cameras limit their adoption 
in downstream applications [14]. In contrast, monocular 3D object 
detection (M3OD) aims to identify and localise objects in 3D space from 
a single image. Accordingly, the affordability and simple configuration 
of M3OD have received a significant attention in computer vision. 
Although numerous datasets have been employed to train M3OD 
models, they remain constrained to a limited range of object categories 
[15,16]. For instance, Omni3D [17], the largest publicly available 
dataset for image-based 3D object detection, contains 234 k images with 
annotations for over 3 million instances, yet it covers only 98 distinct 
categories. This limitation indicates the need to enhance the general
isation capability of M3OD methods for industrial assets. Besides, pre
paring training datasets for M3OD tasks in industrial assets is a labour- 
intensive process due to the complexity and diversity of these assets.

To address these challenges, we propose a training-free M3OD 
approach that eliminates the reliance on closed-set object detectors, 
depth information, and camera intrinsic parameters. This approach 
employs open-vocabulary object detection (OVOD) to enable zero-shot 
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object detection in industrial environments. The main contributions of 
this paper are summarised as follows: 

• A training-free open-vocabulary monocular 3D object detection 
framework is introduced that does not require known camera 
intrinsic parameters, enabling 3D object detection from a single RGB 
image where camera parameters are unavailable. Pre-trained camera 
intrinsic estimators are applied to infer focal length and principal 
point from single images.

• To address the limitations of existing OVOD approaches in detecting 
objects with challenging visual appearances, a prompt-guided object 
detection strategy is proposed that integrates LLM-based asset 
description extraction with vision language models to improve 2D 
localisation accuracy in complex industrial scenes.

• Due to the absence of depth information in RGB images, pre-trained 
monocular depth estimation (MDE) models are utilised to predict 
pixel-level object distances from the camera without auxiliary 
inputs.

• An adaptive noise filtering method is introduced to remove noise and 
outliers based on asset-specific geometric characteristics, improving 
the accuracy of 3D bounding box prediction across a wide range of 
industrial assets. Additionally, principal component analysis (PCA) is 
employed to refine the orientation of 3D bounding boxes.

The remainder of the paper is structured as follows: Section 2 reviews 
the current state-of-the-art M3OD, MDE, and OVOD methods. Section 3
presents the proposed methodology for the training-free M3OD 
approach. The quantitative and qualitative results are discussed in 
Section 4. Section 5 provides an in-depth discussion of the findings and 
highlights the study's limitations. Finally, Section 6 concludes the paper 
by summarising the key contributions and outlining potential directions 
for future research.

2. Literature review

This section reviews recent advances in 3D object detection, M3OD 
methods for industrial settings, state-of-the-art MDE techniques, open- 
vocabulary 3D object detection, and training-free open-vocabulary 
monocular 3D object detection.

2.1. 3D object detection

3D object detection aims to identify and localise objects in three- 
dimensional space by estimating their spatial position, orientation, 
and dimensions. Existing approaches can be categorised based on input 
and modelling architectures into LiDAR-based [18,19], image-based 
[20,21], and multi-modal detection methods [22,23].

LiDAR-based methods utilise dense or sparse point clouds to derive 
precise depth and geometric information. They learn geometric repre
sentations from point cloud features to predict a 3D bounding box for 
each object. While these methods achieve high accuracy and robust 
performance in various environments, they rely on costly sensors and 
are limited by point sparsity. Image-based methods estimate 3D object 
geometry directly from visual features in RGB images without relying on 
explicit depth measurements. These methods are categorised into multi- 
view and monocular-based approaches. Multi-view methods require 
images captured from different viewpoints to estimate depth and predict 
3D bounding box. Although this approach offers high spatial accuracy, it 
relies on multiple cameras and large-scale labelled training datasets, 
making it expensive and labour-intensive in complex industrial settings. 
In contrast, monocular-based methods infer 3D scene structure from a 
single RGB image. However, they face challenges with depth ambiguity 
and limited generalisation across diverse environments. Multi-modal 
methods integrate information from LiDAR and cameras to combine 
accurate geometric depth with rich visual features. Since both image and 
point cloud data need to be collected, these methods require complex 

sensor configurations and calibration procedures.

2.2. Monocular 3D object detection

M3OD has gained notable attention among image-based 3D object 
detection approaches due to its cost-effectiveness and straightforward 
setup [24]. Previous research on M3OD has largely focused on limited 
domains [25–28]. Besides, publicly available datasets for training 
learning-based often lack coverage of many objects in real-world sce
narios, such as industrial assets. Shen et al. [29] utilised moving objects 
in construction sites (MOCS) dataset [30] to design a M3OD framework 
for construction scene analysis. This study integrated a Swin 
transformer-based cascade network with boundary-patch refinement for 
precise 2D detection and segmentation, and a self-supervised monocular 
depth estimator that infers camera intrinsics from videos with unknown 
parameters. Shen et al. [30] leveraged AIM dataset [31] to develop a 3D 
object detection framework for construction-site safety that integrates 
enhanced 2D detection, instance segmentation, and pseudo-LiDAR point 
cloud generation. Ding et al. [32] created a dataset of 22,500 virtual and 
real construction images with 3D bounding box annotations and pro
posed a M3OD framework that regresses bounding box position, size, 
and orientation to classify worker proximity risk for collision warning. 
While some datasets for industrial assets have been proposed [33,34], 
current M3OD approaches still rely heavily on the asset categories in 
their training datasets. This limitation restricts their ability to generalise 
to unseen asset types.

2.3. Monocular depth estimation

To address the lack of explicit depth information in monocular set
tings, MDE methods can be employed to generate depth maps for M3OD 
tasks. The main challenge of MDE is to infer depth information from a 
single 2D image, which is difficult due to the inherent loss of 3D spatial 
information. MDE plays a pivotal role in various applications, including 
autonomous driving [35] and 3D reconstruction [36]. MDE models are 
categorised into two main groups: 1) Relative depth estimation and 2) 
Metric depth estimation.

2.3.1. Relative depth estimation
In relative depth estimation, the depth information for each pixel is 

defined relative to other pixels within the image. However, the actual 
scale of the measurements remains unknown. MiDaS [26] introduced 
novel loss functions to address major incompatibilities across datasets, 
such as unknown and inconsistent scales and baselines. Marigold [28]
proposed an affine-invariant monocular depth estimation method based 
on Stable Diffusion [29]. In this approach, the image and depth map 
were encoded into the latent space. The U-Net architecture was fine- 
tuned by optimising the standard diffusion objective relative to the 
depth latent code. Image conditioning is achieved by merging the two 
latent codes before feeding them into the U-Net. Relative depth esti
mation methods demonstrate strong generalisation to unseen scenarios. 
However, their inability to recover metric depth constrains their appli
cability in M3OD tasks that require absolute distance measurements.

2.3.2. Metric depth estimation
Metric depth estimators predict the actual distance of objects from 

the camera, providing depth information of each pixel with known scale 
units. ZoeDepth [37] employed MiDaS framework to estimate relative 
depth and incorporated additional heads for metric depth estimation. 
ZoeDepth was pre-trained on 12 datasets using relative depth and fine- 
tuned on two datasets for metric depth estimation. Depth Anything [31]
developed a data engine to automatically generate depth annotations for 
unlabelled images, enabling data scaling to an arbitrary scale. Trained 
on 1.5 million labelled and 62 million unlabelled images, it used self- 
training to simultaneously learn from both labelled and unlabelled 
data. Depth Anything V2 [38] enhanced the Depth Anything model by 
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replacing labelled real images with synthetic data, scaling up the dataset 
with pseudo-labelled real images and using a teacher-student model 
framework for training. Depth Pro [39] utilised a multi-scale vision 
transformer (ViT) to produce metric depth maps from a single image 
without requiring camera intrinsics. The network extracts overlapping 
patches at multiple scales using shared-weight ViT encoders, merges the 
features, and progressively upsamples them to generate dense depth 
predictions. UniDepth [40] introduced a camera self-prompting mech
anism and a pseudo-spherical 3D output representation to jointly infer 
camera parameters and metric depth from a single image. The network 
uses an encoder backbone to extract features, processes them through a 
camera module that predicts dense angular embeddings, and conditions 
the depth module via cross-attention. The pseudo-spherical represen
tation disentangles camera and depth components, while a geometric 
invariance loss enforces consistency across different camera viewpoints. 
In M3OD scenarios without available depth information for RGB images, 
pre-trained monocular metric depth estimation models can generate 
scale-consistent depth maps. The depth information enables absolute 
distance reasoning and enhances the accuracy of 3D object localisation 
from a single image.

2.4. Open-vocabulary 3D object detection

OVOD refers to the detection and localisation of both seen and un
seen object categories by aligning visual features with textual de
scriptions. The use of vision language foundation models for OVOD has 
led to substantial improvements in the detection of unseen objects [40]. 
Grounding DINO [41] is a transformer-based open-set object detector 
that unifies object detection and phrase grounding by aligning image 
regions with arbitrary text queries. This approach utilised a dual- 
encoder for visual and textual inputs with cross-modal attention to 
predict text-conditioned bounding boxes, enabling detection of seen and 
unseen categories. FM-OV3D [42] employed pre-trained foundation 
models to enhance open-vocabulary 3D detection without requiring 
manual annotations. For 3D localisation, it used GroundedSAM [43] to 
generate 2D bounding boxes from paired images, which are then pro
jected and clustered to form 3D boxes. For object detection, it integrated 
GPT-3, Stable Diffusion, and CLIP by generating textual and visual 
prompts, and aligning them with 3D point cloud features from the de
tector. INHA [44] introduced an image-guided novel class discovery and 
hierarchical feature space alignment framework for open-vocabulary 3D 
object detection. For feature alignment, it aligned 3D features with 
vision language model features at the instance, category, and scene 
levels using a permutation-invariant scene feature extraction module 
and cross-modal contrastive losses. This study integrated both text and 
image guidance while leveraging 3D geometry to detect novel objects in 
point cloud scenes. Although these methods achieve open-vocabulary 
3D object detection using foundation models, they remain dependent 

on point cloud data as the primary input for 3D object detection. 
OpenSU3D [45] introduced an open-world 3D scene understanding 
framework by integrating multi-modal information from foundation 
models. This study extracted 2D semantic features and object labels 
using GroundedSAM and GPT-4 V, then projected these features into 3D 
space through depth and camera parameters. This method enables open- 
vocabulary 3D scene understanding by integrating multi-modal features 
from foundation models. Nevertheless, it depends on RGB-D images and 
known camera parameters for 3D projection and feature alignment. OV- 
3DET [46] proposed an open-vocabulary 3D point cloud detection 
framework that removed the need for 3D annotations. It trained a 3D 
detector using pseudo-labels from 2D pre-trained detectors and aligns 
text, image, and point cloud features through de-biased triplet cross- 
modal contrastive learning. This study also relies on paired RGB im
ages and point cloud data during training to learn robust cross-modal 
representations.

2.5. Training-free open-vocabulary monocular 3D object detection

To address the limitations of RGB-D images and point cloud data, 
several recent studies have focused on training-free open-vocabulary 
monocular 3D object detection. OVM3D-Det [47] proposed an open- 
vocabulary monocular 3D object detection framework that operates 
without any 3D supervision and relies solely on RGB images. It lever
aged open-vocabulary 2D detectors and depth estimation to generate 
pseudo-LiDAR representations, enabling 3D reasoning and bounding 
box prediction. While the framework introduced a robust pipeline for 
M3OD, it assumes a consistent ground plane for orientation estimation 
and employs uniform size priors for bounding box validation, which 
cannot be applied to industrial assets. For example, assets such as 
electrical kits and valves are often mounted at varying elevations and 
orientations, including on walls or pipes rather than on a common 
ground plane. Furthermore, although objects such as cars, pedestrians, 
and sofas have relatively uniform dimensions, industrial assets, 
including tanks, pumps, and valves vary widely in scale and geometry. 
These variations in industrial settings make it less feasible to rely on 
standard dimension priors to assess the validity of the generated 
bounding boxes. OVMono3D [48] introduced two frameworks for open- 
vocabulary monocular 3D object detection. OVMono3D-LIFT is a 
learning-based method that trained a class-agnostic neural network to 
directly lift 2D detections into 3D space. Besides, OVMono3D-GEO is a 
training-free pipeline that infers 3D bounding boxes from 2D detections 
via geometric unprojection, leveraging pre-trained modules such as 
Depth Pro for depth estimation, SAM for segmentation, and Grounding 
DINO for open-vocabulary 2D detection. This method employed a two- 
stage outlier removal process. First, the point cloud has been down
sampled using random sampling. Then, DBSCAN clustering was applied 
iteratively with adaptive parameters to separate the main object cluster 

Table 1 
Comparative summary of monocular 3D object detection methods with respect to input modality, training requirements, and open-vocabulary object detection 
capability.

Method Input Training-Free Open-Vocabulary 
Object Detection

RGB Depth/PC Camera Intrinsic Camera Pose

MonoDETR ✓ ✖ ✓ ✖ ✖ ✖
MonoCON [49] ✓ ✖ ✓ ✖ ✖ ✖
MonoWAD [50] ✓ ✖ ✓ ✖ ✖ ✖
SRDDP-M3D [51] ✓ ✖ ✓ ✖ ✖ ✖
AuxDepthNet [52] ✓ ✖ ✓ ✖ ✖ ✖
OpenSU3D ✓ ✓ ✓ ✓ ✓ ✓
FM-OV3D ✓ ✓ ✖ ✓ ✖ ✓
OpenScene [53] ✓ ✓ ✓ ✓ ✖ ✓
OV-Uni3DETR [54] ✓ ✓ ✓ ✓ ✖ ✓
OVM3D-Det ✓ ✖ ✓ ✖ ✖ ✓
OVMono3D-LIFT ✓ ✖ ✓ ✖ ✖ ✓
OVMono3D-GEO ✓ ✖ ✓ ✖ ✓ ✓
Ours ✓ ✖ ✖ ✖ ✓ ✓
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from noise. Although OVMono3D-GEO is the most comparable method 
to our approach, it assumes that camera intrinsic parameters are avail
able for M3OD task. Moreover, its exclusive reliance on Grounding DINO 
as the vision–language foundation model for OVOD constrains detection 
accuracy, particularly for complex industrial assets. Table 1 provides a 
structured comparison of different 3D object detection methods across 
key aspects, including input modality, training requirements, and OVOD 
capability. The comparison indicates that most existing M3OD methods 
have been developed within supervised and closed-set settings, which 
restricts their ability to generalise to unseen object categories. Recent 
open-vocabulary approaches have extended category generalisation to 
3D perception. However, they mostly rely on auxiliary depth or point 
cloud inputs and assume the availability of camera intrinsic or pose 

information. In addition, existing training-free M3OD methods typically 
rely on known camera parameters and cannot be generalised to indus
trial assets, thereby reducing their robustness in complex industrial 
environments. In this paper, we propose a M3OD method to address the 
limitations in 2D detection accuracy, reliance on known camera pa
rameters, and limited generalisation to industrial environments.

3. Methodology

This study proposes a training-free open-vocabulary monocular 3D 
object detection pipeline for industrial assets using a single RGB image. 
The approach is divided into three distinct processes: (1) OVOD, (2) 
monocular metric depth estimation, and (3) 3D bounding box predic
tion. As summarised in Fig. 1, the pipeline begins with OVOD, in which 
industrial assets are detected and localised in 2D. Camera intrinsic pa
rameters are then predicted to estimate metric depth information from a 
single RGB image. Finally, a filtering strategy is applied to asset-level 
point clouds for noise and outlier removal and to improve 3D bound
ing box prediction.

Fig. 2 illustrates the proposed methodology for training-free open- 
vocabulary monocular 3D object detection. In the first stage, multi- 
modal large language models are employed to generate structured de
scriptions and detect assets in the image. For each detected asset, a 2D 
bounding box is created. Mask generation is then applied to isolate the 
asset from neighbouring objects. In the second stage, monocular metric 
depth estimation is applied to obtain pixel-level depth values and 
generate 3D point clouds of each asset. In the final stage, adaptive noise 
filtering and orientation adjustment are applied to predict 3D bounding 
boxes with accurate geometry and alignment to the object's geometry.

3.1. Open-vocabulary object detection

In the initial phase of the methodology, GPT-4o [55], a multi-modal 
large language model, is utilised to perform asset detection within in
dustrial scene images. The model generates structured textual de
scriptions, including asset types, quantities, approximate spatial 
positions within the images, relative sizes, and descriptions of their 
appearance and surroundings. This approach enables precise and 
consistent extraction of asset-related data directly from visual inputs 
without requiring labelled training datasets. A general prompt is used to 
identify all visible assets in the image without providing specific guid
ance. The geometry and visual features of the assets are not predefined 
in the prompt instructions to enhance the method's generalisability 
across diverse industrial environments and asset categories. In the next 
step, Grounding DINO is employed to generate precise 2D bounding 

Fig. 1. High-level workflow of proposed training-free open-vocabulary 
monocular 3D object detection pipeline.

Fig. 2. Methodological workflow of proposed training-free open-vocabulary monocular 3D object detection approach for industrial assets.
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boxes for industrial assets. The model uses the textual descriptions from 
the previous stage as prompts to detect object locations in the images. 
Finally, SAM is applied to generate pixel-level segmentation masks for 
each detected asset. Using the generated 2D bounding boxes from pre
vious stage, SAM segments the corresponding regions in the original 
images to extract each individual asset. This enables precise 3D 
bounding box prediction by filtering out surrounding elements and 
focusing on the geometry of the target asset.

3.2. Monocular metric depth estimation

To obtain the depth information required for accurate 3D bounding 
box prediction, MDE is applied to each single image. Due to the lack of 
labelled depth information for training learning-based models, a pre- 
trained metric depth estimator is used to predict pixel-level depth 
values. The segmented asset regions are used as input to extract the 
depth of relevant assets. Additionally, camera intrinsic parameters are 
required to transform coordinates from image coordinate system to 3D 
camera coordinate system. The transformation is defined as: 

⎡

⎣
X
Y
Z

⎤

⎦ = z

⎡

⎢
⎢
⎢
⎢
⎢
⎢
⎣

u − cx

fx

v − cy

fy

1

⎤

⎥
⎥
⎥
⎥
⎥
⎥
⎦

(1) 

where (u, v) are the 2D pixel coordinates and z represents the depth 
value at the pixel location (u, v). The 3D coordinates (X,Y,Z) are in the 
camera's coordinate system. The parameters cx and cy are the principal 
point offsets of the camera, while fx and fy correspond to the focal 
lengths in the horizontal and vertical directions, respectively. A pre- 
trained camera calibration model is employed to predict the camera 
intrinsic parameters. This enables 3D point cloud generation from 
masked images and depth information.

3.3. 3D bounding box prediction

Accurate 3D bounding box prediction depends on clean and reliable 
point cloud of asset. Noise preservation or original data removal may 
distort object dimensions and orientations. Errors in depth estimation 
and occlusions in complex environments frequently introduce noise. 
Moreover, the diverse geometries and sizes of industrial assets limit the 
effectiveness of conventional denoising methods such as DBSCAN, voxel 
grid downsampling, and radius-based filtering, as their fixed parameters 
often prevent generalisation across asset categories. For example, small 
components such as valves risk losing geometrical details under 
aggressive filtering, while large assets such as tanks often retain noise 
when thresholds are too lenient. To address this limitation, an adaptive 
noise filtering method is introduced. This approach analyses the geo
metric characteristics of each asset, including its size and point density, 
to adjust filtering parameters and preserve geometric fidelity during 
noise removal.

Voxel grid downsampling reduces the density of a 3D point cloud by 
dividing the space into uniform voxel grids. Within each voxel, all points 
are replaced with a single point as centroid, preserving the object's 
overall geometry while reducing computational cost (see Algorithm A). 

Each point pi =
(
xi, yi, zi

)
is assigned to a voxel indexed by vi = ⌊pi

v ⌋ =
(

⌊xi
v ⌋ , ⌊yi

v⌋ , ⌊zi
v⌋
)

, where ⌊ • ⌋ denotes the element-wise floor operation. 

All points sharing the same voxel index vk from a subset Pk = {pi | vi =

vk}, and the centroid of each voxel is computed as ck = 1
|Pk |

∑
pi∈Pk

pi. 
The final downsampled point cloud is expressed as Pʹ =

{ck | k = 1, 2,…,M}, where M is the total number of occupied voxels. 

Algorithm A. VoxelGridDownsample

Algorithm A: VoxelGridDownsample
Input: ∈ ℝ × (input 3D point cloud)

(voxel size)

Output: (voxelised point cloud)

1. Initialise an empty hash map 

2. Initialise ← ∅
3. for each point ∈ do
4. Compute voxel index =

5. Append to [ ]

6. end for
7. for each voxel index ∈ do
8. Compute centroid ← mean( [ ])
9. Append to 

10. end for
11. return

Distance-based filtering is a statistical outlier removal technique that 
identifies and removes points by measuring their distance from the 
centre of cluster. The algorithm first computes the median point of the 
cluster and calculates the Euclidean distance of each point from this 
centre. Points exceeding a percentile-based distance threshold are clas
sified as noise and discarded. (see Algorithm B). Formally, let the input 
point cloud be P =

{
pi =

(
xi, yi, zi

)
| i = 1,2,…,N

}
. The cluster centre 

is defined as the component-wise median of all points, pc =

median(P) =
(
median(xi) ,median

(
yi
)
,median(zi)

)
. The Euclidean 

distance of each point from the cluster centre is then computed as di =

‖pi − pc‖2. Let Tp denote the distance value at a specified percentile p of 
all distances {di}. The adaptive distance threshold is defined as T = Tp ×

α, where α is a distance multiplier controlling the strictness of filtering. 
Points satisfying di ≤ T are retained, and the remaining points are 
considered as outliers. The filtered point cloud is therefore given by Pʹ =

{pi ∈ P | di ≤ T}. 

Algorithm B. DistanceBasedFiltering

Algorithm B: DistanceBasedFiltering
Input: ∈ ℝ × (input 3D point cloud) 

(distance multiplier)

(distance percentile)

Output: (filtered point cloud)

1. Initialise ← ∅
2. Initialise an empty list 

3. Compute cluster centre ← median( )
4. for each point ∈ do
5. Compute distance ←∥ − ∥
6. Append to 

7. end for
8. Compute base threshold ← percentile( , )

9. Compute distance threshold ← ×

10. for each point ∈ with corresponding distance do
11. if ≤ then
12. Append to 

13. end if
14. end for
15. return

Radius-based filtering removes isolated or weakly connected points 
by assessing their local neighbourhood density. Each point is retained 
only if it has a sufficient number of neighbours within a defined radius. 
This method eliminates scattered noise while preserving the core ge
ometry of the object (see Algorithm C). For each point pi ∈ P, the local 

neighbourhood is defined as N (pi, r) =
{

pj ∈ P
⃒
⃒
⃒

⃦
⃦
⃦pi − pj

⃦
⃦
⃦

2
≤ r

}
, 

where r denotes the search radius and ‖ ⋅‖2represents the Euclidean 
distance. The number of neighbouring points within this radius is given 
by ni = |N (pi, r) |. A point pi is retained if ni ≥ nmin, where nmin is a 
predefined threshold specifying the minimum required neighbours. The 
filtered point cloud is therefore expressed as Pʹ = {pi ∈ P | ni ≥ nmin}. 
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Algorithm C. RadiusBasedFiltering

Algorithm C: RadiusBasedFiltering
Input: ∈ ℝ × (input 3D point cloud) 

(search radius)

min (minimum number of neighbours)

Output: (radius-filtered point cloud)

1. Build a spatial index (KD-tree) over 

2. Initialise ← ∅
3. for each point ∈ do
4. Query neighbourhood ( , )
5. Compute neighbour count ←∣ ( , ) ∣
6. if ≥ then
7. Append to 

8. end if
9. end for

10. return

Connectivity-based filtering uses DBSCAN to detect consistent clus
ters in the point cloud. It preserves the largest connected component and 
removes small or disconnected regions. An additional proximity vali
dation to the cluster centre ensures the spatial integrity of the final 
refined result (see Algorithm D). For each point pi ∈ P, DBSCAN parti
tions the point cloud into clusters based on two parameters: the 
maximum neighbourhood radius ε and the minimum number of points 
required to form a dense region nmin. Points with at least nmin neighbours 

within distance ε are assigned to the same cluster, while points not 
satisfying this criterion are considered as noise. Let the resulting cluster 
labels be L = {li | i = 1,2,…,N}, where li ∈ {1,2,…,C} and C denotes 
the total number of detected clusters. The largest connected component 
is identified as lmax = argmax

l
|{i | li = l}|, and the corresponding cluster 

points are given by Pmain = {pi ∈ P | li = lmax}. The geometric centre of 
the main cluster is then computed as pc = mean(Pmain). To remove 
points located far from the cluster centre, the Euclidean distance of each 
point to pc is calculated, and the percentile-based distance threshold T is 
applied. Points satisfying di ≤ T and belonging to valid clusters are 
retained in the final refined point cloud Pʹ = {pi ∈ P | li ∕= − 1, di ≤ T}. 

Algorithm D. ConnectivityBasedFiltering

Algorithm D: ConnectivityBasedFiltering
Input: ∈ ℝ × (input 3D point cloud) 

(neighbourhood radius)

min (minimum number of neighbours)

(distance multiplier)

Output: (refined point cloud)

1. Initialise an empty list 

2. Initialise ← ∅
3. Apply DBSCAN to with parameters ( , ) to obtain labels 

4. Identify largest cluster ← argmax |{ | = }|

5. Extract main cluster ← { ∈ | = }

6. Compute cluster centre ← mean( )
7. for each point ∈ do
8. Compute distance ←∥ − ∥
9. Append to 

10. end for
11. Compute distance threshold ← percentile ( , 95) × 

12. for each point ∈ with label do
13. if ≠ −1 and ∥ − ∥ ≤ then
14. Append to 

15. end if
16. end for
17. return

The adaptive noise filtering method dynamically adjusts filtering 

Fig. 3. Point cloud of industrial plant room.

Table 2 
Distribution of captured images across different scene conditions.

Asset Total Images Scene Condition

Single-Asset Multi-Asset Occluded

E Kit 70 15 30 25
Pump 60 15 20 25
Tank 60 20 15 25
Valve 70 20 30 20
Wire 60 20 25 15
Total 320 90 120 110

Table 3 
3D mIoU results for open-vocabulary monocular 3D object detection methods based on monocular metric depth estimators and camera intrinsic parameter estimators.

Method Open-Vocabulary Object 
Detection

Monocular Metric Depth 
Estimator

Camera Intrinsic Parameter 
Estimator

Asset

E Kit Pump Tank Valve Wire

Our Method

GPT-4o 
(Asset Description) 
Grounding DINO 
(Prompt-guided object 
detection)

UniDepthV2
UniDepthV2 0.4251 0.2509 0.2521 0.2516 0.2217
PerspectiveField 0.3528 0.2365 0.2751 0.2401 0.2088
GeoCalib 0.3919 0.3025 0.2523 0.2823 0.2165

Depth Anything V2 PerspectiveField 0.2622 0.2344 0.3659 0.2018 0.1399
GeoCalib 0.2995 0.3205 0.3385 0.2314 0.1461

OVMono3D- 
LIFT – – – 0.3201 0.1736 0.2501 0.219 0.0341

OVMono3D- 
GEO

Grounding DINO Depth Pro Depth Pro 0.411 0.0752 0.1453 0.2556 0.0668

OVM3D 
-Det

Grounded-SAM UniDepthV2 UniDepthV2 0.194 0.0711 0.1192 0.1828 0.0332
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parameters according to the size of the detected object to preserve its 
geometric fidelity while removing noise (see Algorithm E). The algo
rithm begins by calculating the spatial extent of the asset through its 
bounding dimensions. The spatial extent is computed as b = max(P) −
min(P), where P denotes the input point cloud. The object size is then 
defined by the Euclidean norm of its bounding vector, s = ‖b‖2. Based 
on this measure, the point cloud is categorised into one of three groups: 
small (<0.3 m), medium (0.3–2.0 m), or large (>2.0 m). For small ob
jects, voxel grid downsampling with fine resolution is applied to reduce 
redundancy, followed by distance-based filtering with conservative 
thresholds to retain fine geometrical details. For medium-sized objects, a 
multi-stage filtering strategy is employed, consisting of voxel down
sampling, distance-based filtering with balanced thresholds, and radius- 
based filtering to remove sparse outliers. Connectivity-based filtering 

using DBSCAN is then applied to isolate the dominant cluster and 
discard weakly connected or scattered points. For large objects, more 
aggressive parameter settings are adopted. To reduce widespread noise 
in large objects, the algorithm applies coarser voxelisation and stricter 
distance thresholds. This is followed by radius-based filtering and 
density-driven clustering to preserve the geometry of the object and 
discard disconnected regions. 

Table 5 
Mean removal percentage based on asset size and noise filtering methods.

Object Size Filtering Method Asset

E Kit Pump Tank Valve Wire Overall

Small 
(<0.3 m)

DBSCAN – – – 0.48 – 0.48
Voxel Downsampling +
Statistical Outlier Removal

98.7 – – 86.77 – 92.74

Adaptive 99.73 98.94 99.89 87.26 – 96.45

Medium (0.3 m < 2 m)

DBSCAN 0.14 0.43 1.18 0.98 0.04 0.55
Voxel Downsampling +
Statistical Outlier Removal 90.02 84.6 63.41 83.79 89.76 82.32

Adaptive 97.28 96.69 93.11 95.34 96.97 95.88

Large 
(> 2 m)

DBSCAN 0.02 0.82 1.34 3.43 0.75 1.27
Voxel Downsampling +
Statistical Outlier Removal

87.26 62.6 43.73 82.54 77.37 70.7

Adaptive 95.94 – – 95.74 97.74 96.47

Table 6 
3D mIoU results for monocular 3D object detection based on asset type and noise filtering methods.

Asset Filtering Method Mean Removal 
(%)

Mean Volume 
(m3)

Mean Points mIoU

E Kit

DBSCAN 0.13 0.63 195,093 0.3350
Voxel Downsampling +
Statistical Outlier Removal 90.04 0.75 13,336 0.3262

Adaptive 97.49 0.47 3991 0.4251

Valve

DBSCAN 1.02 0.07 19,088 0.1979
Voxel Downsampling +
Statistical Outlier Removal

84.51 0.42 1086 0.2171

Adaptive 92.07 0.02 484 0.2823

Pump

DBSCAN 0.47 1.02 76,595 0.1804
Voxel Downsampling +
Statistical Outlier Removal 81.13 1.16 10,414 0.2043

Adaptive 96.93 0.45 2177 0.3205

Tank

DBSCAN 1.2 3.65 120,685 0.4086
Voxel Downsampling +
Statistical Outlier Removal

60.95 3.71 22,801 0.2022

Adaptive 93.95 0.84 3595 0.3659

Wire

DBSCAN 0.31 2 48,987 0.1094
Voxel Downsampling +
Statistical Outlier Removal 85 1.97 6309 0.1332

Adaptive 97.03 0.31 1293 0.2217

Table 7 
Parameter sensitivity analysis reporting the percentage change in mIoU 
(ΔmIoU) resulting from systematic variations of key filtering parameters. 
Default baseline values are distance multiplier ¼ 1.2, distance percentile ¼
85%, voxel size ¼ 0.01 m, DBSCAN ε ¼ 0.025 m, and DBSCAN minimum 
samples ¼ 5.

Parameter Change 
(%)

ΔmIoU (%)

E Kit Valve Pump Tank Wire

Distance 
Multiplier

− 20 − 7.89 − 5.14 − 8.04 − 1.46 − 10.01
− 10 − 2.94 − 0.42 − 0.90 − 6.24 − 8.45
10 − 11.63 − 3.89 − 2.24 − 16.76 − 4.24
20 − 1.18 − 6.65 − 2.24 0.3 − 3.07

DBSCAN ε

− 20 − 4.70 − 11.05 − 10.97 − 2.13 − 3.49
− 10 − 16.15 − 2.33 − 0.87 − 12.65 − 0.72
10 − 9.52 − 7.43 − 7.43 − 3.65 − 5.51
20 − 3.04 − 11.48 − 13.48 − 0.25 0.0

DBSCAN min 
points

− 20 − 5.29 − 2.49 − 1.09 0.365 0.0
20 − 0.21 − 0.78 − 0.22 − 0.98 0.0

Table 4 
Depth estimation and 3D bounding box orientation accuracy for different 
combinations of pre-trained MDE models and camera intrinsic parameter 
estimators.

Monocular Metric 
Depth Estimator

Camera Intrinsic 
Parameter Estimator

RMSE 
(m)

MAE 
(m)

eaxis 
(◦)

UniDepthV2 UniDepthV2 1.7417 1.1011 10.29
PerspectiveField 1.8658 1.3373 38.35
GeoCalib 1.7884 1.1709 19.29

Depth Anything V2 PerspectiveField 1.9773 1.1306 39.71
GeoCalib 1.8234 1.1785 20.61
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Fig. 4. Comparison of open-vocabulary object detection results for industrial assets.
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Algorithm E. AdaptiveNoiseFiltering algorithm

Algorithm E: AdaptiveNoiseFiltering algorithm
Input: ∈ ℝ × (input 3D point cloud) 

, , (voxelisation parameters)

, (distance-based filtering parameters)

, , (radius-based filtering parameters)

, , (connectivity-based filtering parameters)

Output: (final cleaned point cloud)

1. Initialise ← ∅
2. ← max( ) − min( )
3. ← ‖ ‖

4. if < 0.3m then
5. ← VoxelGridDownsample( , )

6. ← DistanceBasedFiltering( , + 10, + 0.5)

7. else if < 2.0m then
8. ← VoxelGridDownsample( , )

9. ← DistanceBasedFiltering( , − 10, − 0.4)

10. ← RadiusBasedFiltering( , , )

11. ← ConnectivityBasedFiltering( , , , )
12. else
13. ← VoxelGridDownsample ,

14. ← DistanceBasedFiltering( , − 15, − 0.5)

15. ← RadiusBasedFiltering , ,

16. ← ConnectivityBasedFiltering( , , , )

17. end if
18. return

After applying the adaptive noise filtering method, noise is removed 
from each generated point cloud, and the dimensions of the 3D 

bounding boxes are adjusted accordingly. However, the orientation of 
the bounding boxes remains unresolved, as the point distribution does 
not directly reveal the object's directional alignment. Without orienta
tion refinement, the bounding box may misrepresent the true pose of the 
object, leading to inaccurate 3D localisation. For example, a valve 
placed at an angle on a tilted pipe may be incorrectly represented as axis- 
aligned if the bounding box is not aligned with the actual direction of the 
object. To address this limitation, PCA is employed to determine the 
dominant geometric direction of the object by analysing the covariance 
of point distributions. The eigenvector corresponding to the largest 
eigenvalue represents the direction of maximum variance and is 
assigned as the orientation of the bounding box.

4. Experiments

In this section, the proposed training-free open-vocabulary monoc
ular 3D object detection framework is evaluated. The experimental 
setup and data collection process are described, followed by quantitative 
and qualitative results across different industrial assets and scene 
conditions.

4.1. Data collection

To assess the effectiveness of the proposed method, a complex plant 
room containing a range of industrial assets within a building in Mel
bourne was selected. A total of 320 RGB images (4032 × 3024 pixels) 

Fig. 4. (continued).
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were collected for open-vocabulary monocular 3D object detection. In 
addition, point cloud data of the entire plant room were captured using a 
Leica BLK360 laser scanner to provide ground truth data for assessing 
the accuracy of 3D bounding box predictions (Fig. 3). OVOD and MDE 
were performed on two NVIDIA L40 GPUs with 48 GB of VRAM, 16 
vCPUs, and 241 GB of system memory. Besides, mask generation task 
was conducted on an NVIDIA L40s-16c GPU with 24 GB of VRAM, 16 
vCPUs, and 118 GB of system memory. Ubuntu 20.04 was employed as 
the operating system for this study.

To evaluate generalisation across different scenarios, the images 
were captured to represent variations in asset type and scene 
complexity, including single-asset, multi-asset, and occluded scenes. 
Table 2 provides the distribution of test images across these scene con
ditions. In this context, single-asset scenes represent isolated objects 
with clear visibility, multi-asset scenes contain multiple objects within 
one frame, and occluded scenes include partially visible assets. The 
number of images for each asset was selected to provide adequate 
coverage across various scene configurations. Images were captured 
from different angles and distances to enhance diversity and reflect 
realistic variations in asset geometry and visual characteristics.

4.2. Results

Once assets are detected through OVOD, 2D bounding boxes are 
generated for each identified asset. These 2D bounding boxes are then 
transformed into 3D space using depth information and camera intrinsic 
parameters. UniDepthV2 and Depth Anything V2 are employed as MDE 
models to generate per-pixel depth maps and evaluate their impact on 
3D bounding box prediction. As camera intrinsic parameters were not 
available for the images, two pre-trained models, GeoCalib [56] and 
PerspectiveField [57], were employed to estimate the focal length and 
principal point for each image. Based on the literature (Section 2), the 
proposed approach is compared with two state-of-the-art methods, 
OVMono3D-GEO and OVMono3D-LIFT, to evaluate generalisation 
capability and detection accuracy in open-vocabulary monocular 3D 
object detection for industrial assets. To address the absence of camera 
parameters for OVMono3D-GEO and ensure a fair comparison, Depth 
Pro is employed for both depth estimation and camera intrinsic 
parameter prediction.

Fig. 5. Metric depth estimation results generated by pre-trained monocular depth estimators: UniDepthV2, Depth Anything V2, and Depth Pro.
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Fig. 6. Monocular 3D object detection results for industrial assets, comparing OVMono3D-LIFT with proposed method using PCA and without PCA.

M. Kamali et al.                                                                                                                                                                                                                                 Automation in Construction 184 (2026) 106841 

11 



4.2.1. Quantitative results
Table 3 presents the 3D mIoU results for open-vocabulary monocular 

3D object detection across five industrial asset types: electrical kit, 
pump, tank, valve, and wire. The evaluation includes different combi
nations of OVOD, MDE, and camera intrinsic parameter prediction 
models. The results indicate that our method achieves the best perfor
mance across all asset types, with mIoU scores of 0.4251 for kit, 0.3205 
for pump, 0.3659 for tank, 0.2823 for valve, and 0.2217 for wire. In 
contrast, OVMono3D-LIFT and OVMono3D-GEO achieve lower mIoU 
values, with OVMono3D-GEO exhibiting notably weak performance for 
assets such as pumps and wires. This limitation is due to OVMono3D- 
GEO's reliance on Grounding DINO for OVOD, which fails to detect 
several industrial asset types. Similarly, OVM3D-Det demonstrates 

consistently lower performance across all asset categories. The inte
gration of asset description extraction with a prompt-guided detection 
strategy in our method enhances 2D detection accuracy, resulting in 
higher 3D mIoU scores. Within the proposed framework, the highest 
mIoU scores for electrical kit and wire detection are obtained when 
UniDepthV2 is employed for both MDE and camera intrinsic parameter 
estimation. For pump detection, the best performance is achieved using 
the integration of Depth Anything V2 and GeoCalib. Tank detection 
attains the highest mIoU with Depth Anything V2 and PerspectiveField, 
while valve detection performs best using UniDepthV2 and GeoCalib. 
These findings demonstrate that the choice of depth and camera intrinsic 
parameter estimators is crucial, as their performance varies across asset 
types and geometric complexities.

Table 4 depicts the accuracy of depth estimation and 3D bounding 
box orientation for different combinations of MDE models and camera 
intrinsic parameter estimators. To assess the accuracy of depth estima
tion, the actual camera intrinsic parameters were used to generate the 
ground-truth depth maps. In this evaluation, UniDepthV2 employed for 
both camera parameter estimation and depth estimation achieves the 
lowest RMSE and MAE. In contrast, PerspectiveField and GeoCalib 
exhibit higher depth errors. PerspectiveField produces the largest de
viations, resulting in the highest MAE when paired with UniDepthV2 
and the highest RMSE when combined with Depth Anything V2. Depth 

Fig. 6. (continued).

Fig. 7. Cross-scene open-vocabulary monocular 3D object detection results.

Table 8 
Comparative analysis of computational efficiency among training-free M3OD 
methods.

Method Average inference time (ms/image) Processing speed 
(FPS)

OVMono3D-LIFT 142 7
OVMono3D-GEO 612 1.6
Ours 560 1.8
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Anything V2 shows a stronger dependency on the choice of camera 
intrinsic parameter estimator.

Orientation accuracy is measured by the mean symmetry-aware 
principal-axis error eaxis, defined as the minimum angular deviation 
between corresponding PCA axes of predicted and ground-truth geom
etries. The lowest mean orientation error is achieved when UniDepthV2 
is used for both depth and camera intrinsic parameter estimation. Per
spectiveField exhibits substantially higher orientation errors, indicating 
reduced robustness in camera intrinsic parameter estimation. While 
GeoCalib improves orientation accuracy compared with Perspective
Field, its performance remains less accurate than UniDepthV2.

Table 5 illustrates the effectiveness of the adaptive noise filtering 
method in applying size-aware filtering across different asset categories. 
The method consistently achieves high removal rates (ranging from 87% 
to 99%) while preserving essential geometric features through adaptive 
parameter tuning. For small objects (<0.3 m), conservative voxel 
downsampling combined with distance-based filtering effectively re
duces redundancy while retaining fine geometrical details. Medium- 
sized assets (0.3–2.0 m) are filtered through a three-stage process 
combining radius-based methods and connectivity analysis, resulting in 
removal rates ranging from 82% to 96%. For large objects (>2.0 m), 
aggressive distance thresholds and clustering are applied, achieving up 
to 97% removal while maintaining geometrical integrity.

Table 6 shows the 3D mIoU results for M3OD across different noise 
filtering methods. Overall, the adaptive noise filtering method achieves 
the highest mIoU for most asset types, demonstrating its effectiveness in 
preserving critical geometric features. It outperforms other methods for 
electrical kit, valve, pump, and wire, achieving the highest mIoU values 
in each asset category. However, for tank detection, DBSCAN yields the 
best result with an mIoU of 0.4086, outperforming both voxel-based and 
adaptive methods. This outcome can be attributed to the distinct size 
and geometric characteristics of tanks, which are typically large in scale 
with smooth surfaces and minimal fine-grained details. In such cases, 
aggressive filtering methods, including voxel-based and adaptive ap
proaches, may remove geometrically important points along curved 
surfaces or boundaries. By contrast, DBSCAN preserves the overall ge
ometry and spatial structure of tanks, which is essential for accurate 3D 
bounding box estimation. Voxel downsampling with statistical outlier 
removal (SOR) achieves moderate performance but often sacrifices 
important geometric details, especially for smaller or intricate assets. 
These findings indicate that filtering strategies need to be adapted to the 
scale and geometric complexity of assets in industrial environments.

Table 7 summarises the sensitivity of the proposed filtering strategy 
to variations in key parameters by reporting the relative change in mIoU. 
The results indicate that the selected default parameters lie within a 
robust parameter range, as most variations result in limited reductions 
in performance rather than improvement. This behaviour demonstrates 
that the filtering pipeline maintains stable performance under different 
parameter adjustments, while the adopted default values provide a 
balanced trade-off between noise removal and geometric preservation 
across different asset types.

4.2.2. Qualitative results
Fig. 4 presents a qualitative comparison of OVOD results for indus

trial assets. Due to the diversity of industrial assets, such as variations in 
valves, OVMono3D-GEO fails to detect certain types of these assets. For 
wires, the method misclassifies control panels as wires, leading to false 
positives. In contrast, our approach demonstrates improved asset type 
recognition and accurate localisation. Besides, in dense areas with a high 
concentration of assets, Grounding DINO fails to detect multiple asset 
instances, whereas incorporating GPT-4o for asset description extraction 
improves the accuracy of 2D detection.

Fig. 5 illustrates the MDE results obtained using the pre-trained 
metric depth estimators, including UniDepthV2, Depth Anything V2, 
and Depth Pro. The results indicate that these models generate accurate 
depth maps that effectively capture the geometric structure of diverse 

asset configurations and spatial layouts. The clear delineation of object 
edges and depth discontinuities demonstrates their ability to generalise 
effectively to complex industrial environments without relying on scene- 
specific training.

Fig. 6 shows the M3OD results for different industrial assets. For the 
electrical kits and control panels, OVMono3D-LIFT detects the first 
instance with accurate 3D bounding box orientation, although the asset 
dimensions are not estimated precisely. This method fails to detect the 
control panel in the second image, whereas our method detects the 
electrical kit and the control panel in both cases. For pumps, 
OVMono3D-LIFT detects the assets but produces inaccurate size esti
mation. By contrast, the proposed method detects these assets, with PCA 
improving the orientation alignment of the 3D bounding boxes. In the 
case of tanks, OVMono3D-LIFT achieves accurate orientation and size 
estimation. However, this method fails to detect valves and wires, 
whereas our method successfully identifies these assets. In both cases, 
PCA enhances the alignment of 3D bounding box orientation.

To evaluate the generalisation capability of the proposed framework, 
Fig. 7 presents qualitative results from different scenes. These scenes 
exhibit diverse spatial layouts, asset configurations, and background 
conditions. Despite cross-scene variability, the framework produces 
geometrically consistent 3D bounding boxes, indicating robustness of 
the proposed approach beyond the original data collection site.

5. Discussion

Although M3OD achieves lower accuracy than multi-view images or 
LiDAR-based detection methods, it offers notable advantages in afford
ability and simplicity, relying solely on a single RGB image. The pro
posed training-free open-vocabulary monocular 3D object detection 
approach aims to enhance 3D scene understanding in industrial envi
ronments where domain-specific labelled datasets, camera parameters, 
and depth information are typically unavailable. However, the proposed 
approach is not intended for high-precision 3D reconstruction or CAD 
modelling but can be effectively employed in O&M activities such as 
asset management and industrial inspection. In such contexts, the ability 
to automatically detect and localise assets within large-scale industrial 
environments provides valuable input for rapid scene interpretation and 
remote monitoring.

The 3D mIoU values, ranging from 0.22 to 0.43, demonstrate that the 
proposed approach achieves competitive accuracy compared with 
existing M3OD methods, while eliminating the need for training data 
and camera calibration parameters. Although these mIoU values are 
moderate in absolute terms, they are sufficient for different O&M sce
narios, where the primary requirements are reliable asset localisation, 
geometric extent, and spatial relationships. For instance, an mIoU of 
0.43 for electrical kits indicates consistent spatial alignment effective for 
asset localisation and 3D scene understanding. While lower values, such 
as 0.22 for wires, indicate reduced precision for fine-scale objects, the 
results remain adequate for O&M tasks where approximate geometry is 
sufficient.

The primary aim of this paper is to enhance the accuracy and 
generalisation of training-free M3OD in complex industrial environ
ments. Nevertheless, a comparative analysis of computational efficiency 
was conducted to evaluate the inference performance of the proposed 
method relative to existing approaches. Table 8 presents the average 
inference time and processing speed for each method. The results indi
cate that OVMono3D-LIFT achieves the highest processing speed due to 
its single-stage design, whereas the proposed method attains a shorter 
average inference time (560 ms per image) than OVMono3D-GEO. 
Although it may not be suitable for real-time applications, the 
approach remains effective for offline 3D scene understanding, which 
only needs to be performed once for each industrial environment. In 
terms of scalability to large-scale scenes, the computational cost of the 
proposed pipeline scales primarily with the number of detected assets 
rather than the spatial extent of the scene. Each asset is processed 
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independently after 2D detection, including depth extraction, point 
cloud generation, and adaptive filtering, which enables batch processing 
and parallelisation across assets and images. The localised assets can 
then be integrated with various data sources in digital twin environ
ments to enhance operational efficiency and support informed decision- 
making.

5.1. Limitations

While the proposed approach demonstrates strong potential for 
training-free open-vocabulary monocular 3D object detection, it has 
certain limitations that should be acknowledged: 

• Generalisation: The diversity of industrial assets in both type and 
size poses significant challenges for enhancing generalisation across 
different industrial settings. High asset density in complex scenes can 
lower the performance of asset detection and localisation. Moreover, 
the collected dataset includes a restricted number of assets, which 
may constrain its applicability to asset types that are not effectively 
detected through vision language foundation models. Environmental 
variations such as lighting conditions and accessibility constraints 
can affect detection accuracy. In addition, the dataset used in this 
paper was collected from a single industrial site, which may limit the 
transferability of the reported results to other industrial environ
ments with different layouts, asset configurations, or operational 
conditions.

• M3OD accuracy: Although the proposed method demonstrates 
strong performance in recognising assets and generating corre
sponding 2D bounding boxes, the accuracy of 3D bounding boxes 
derived from M3OD remains limited compared with multi-view and 
LiDAR-based approaches. The intricate geometry and spatial 
complexity of certain assets, particularly wires and valves, present 
challenges for accurate 3D object detection in industrial scenes. 
Moreover, in occluded scenes, the full geometry of assets cannot be 
captured, leading to incomplete 3D bounding box generation and 
reduced localisation performance. This limitation becomes more 
evident in dense industrial environments where assets frequently 
overlap or extend beyond the camera's field of view.

6. Conclusions and future work

This paper presented a training-free open-vocabulary monocular 3D 
object detection approach that leverages vision language foundation 
models, MDE, and adaptive noise filtering to detect and localise assets in 
industrial environments. In contrast to existing approaches, the pro
posed method eliminates the reliance on task-specific training datasets 
and auxiliary information, such as depth maps and camera intrinsic 
parameters. By integrating GPT-4o with Grounding DINO, the frame
work enhances OVOD through asset description extraction and prompt- 
guided object detection. Depth estimation and camera intrinsic param
eter prediction are performed using pre-trained models, enabling accu
rate 2D-to-3D transformation without manual calibration. The proposed 
method outperforms existing open-vocabulary monocular 3D detection 
approaches, achieving higher mIoU across diverse asset types, with 
values of 0.4251 for electrical kits, 0.3205 for pumps, 0.3659 for tanks, 
0.2823 for valves, and 0.2217 for wires.

Future research could explore several directions to further enhance 
the accuracy and robustness of the proposed approach: 

• Context-guided 3D bounding box refinement: The spatial context of 
neighbouring assets can be utilised to refine the orientation and di
mensions of 3D bounding boxes. The relative positioning and 
alignment of surrounding objects provide geometric cues that 
enhance localisation accuracy and consistency in complex industrial 
environments. Vision language foundation models can be employed 
to enable spatial reasoning by deriving the orientation and 

dimensions of assets in relation to their surroundings, thereby 
refining the detected 3D bounding boxes.

• Novel view synthesis: Novel view generation methods may be 
employed to reconstruct additional perspectives of assets from single 
images. These approaches utilise learned representations of scene 
geometry to generate novel viewpoints beyond the original camera 
perspective. By synthesising new viewpoints, occluded or unseen 
parts of assets can be recovered to improve the prediction of asset 
dimensions and orientation.
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