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Abstract— The construction industry faces severe labor short-
ages, driving the need for robotic automation solutions. How-
ever, effective deployment of construction robots requires robust
environmental perception capabilities, particularly accurate
identification of diverse objects in complex, dynamic construc-
tion environments. Closed-set object detection methods are
limited to predefined categories, proving inadequate for the
highly varied object types encountered on construction sites.
This paper introduces EVLOD (Ensemble Vision-Language
Open-vocabulary Detection), an ensemble framework that inte-
grates multiple state-of-the-art vision-language models to enable
open-vocabulary object detection in construction scenarios.
EVLOD employs a voting-based fusion strategy that combines
predictions from GroundingDINO and GroundingDINO-CLIP
detectors, utilizing their complementary strengths while mit-
igating individual model weaknesses. The ensemble approach
incorporates confidence voting, object name voting, and bound-
ing box voting to produce reliable detections with reduced
false positives. Evaluated on a comprehensive dataset of 825
Unmanned Aerial Vehicle (UAV)-captured construction images
with 5,020 annotated objects, EVLOD achieves an Average
Precision (AP) of 0.49 when Intersection over Union (IoU)
equals 0.5, representing a 36.1% improvement over the best-
performing baseline. The method effectively reduces detection
noise from 5,495 to 3,232 detections. Qualitative analysis reveals
primary limitations in detecting small-scale objects and low-
contrast elements.

I. INTRODUCTION

The construction industry is currently experiencing a se-
vere labor shortage [1]. The adoption of digital transforma-
tion and robotic automation technologies offers promising
solutions to this challenge [2], [3]. To operate effectively in
complex and dynamic construction environments, construc-
tion robots must possess robust environmental perception ca-
pabilities, allowing them to accurately identify and interpret
various on-site objects and conditions [4], [5]. Traditional
approaches have largely focused on isolated atomic tasks
such as excavation and loading [6], [7]. However, integrating
multiple perception and decision-making techniques can sub-
stantially alleviate the burden on human operators, thereby
addressing labor shortages.

The rapid advancement of Large Language Models
(LLMs) has introduced transformative opportunities in
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robotics [8], [9]. Utilizing extensive general-purpose knowl-
edge, LLMs enable robots to interpret natural language
commands and reduce reliance on human labor through
task decomposition and allocation [9]–[11]. Nevertheless,
construction sites are significantly more complex than typi-
cal application scenarios [12], requiring enhanced precision
and comprehensive environmental understanding. A key to
enabling autonomous execution of complex robotic tasks is
equipping LLMs with accurate situational awareness, which
can be facilitated by converting visual data from construc-
tion sites into structured textual descriptions [13], thereby
enhancing LLMs’ understanding of the environment.

Early work in construction-site visual perception focused
on specific object detection tasks such as worker identifi-
cation [14], [15], recognition of personal protective equip-
ment [16], [17], and monitoring of construction machinery
[4], [18]. These conventional closed-set object detection
approaches are limited to predefined object categories [19],
[20], which is insufficient given the diversity of objects
present on construction sites. More recently, the emergence
of vision-language pre-trained models has opened up new
possibilities for open-vocabulary detection [21], [22]. The
CLIP model, which learns joint image-text representations
through contrastive learning [21], has demonstrated strong
zero-shot performance across multiple visual tasks. Building
on CLIP, GroundingDINO [23] incorporates textual prompts
into object detection, enabling open-vocabulary detection.

In construction applications, Cai et al. [24] integrated
GroundingDINO into the automatic recognition of prefab-
ricated construction components, validating the feasibility
of text-guided detection across several construction datasets.
Bang et al. [13] proposed a method to generate contextual
information from UAV imagery, enabling automated tex-
tual descriptions of construction resources. However, recent
evaluation studies [25] have highlighted that single open-
vocabulary models often struggle in complex construction
environments. Although datasets like SODA [26], CIS [27],
and MOCS [28] provide key benchmarks for evaluating
open-vocabulary detection, research on integrating multiple
model strategies remains limited.

To address the limitations of single-model detectors, en-
semble learning has been shown to improve performance
in machine learning and conventional (closed-set) vision
tasks [29], [30]. However, its use in open-vocabulary object
detection has received comparatively less attention; most
contemporary approaches adopt single-model designs [31],
[32]. CLIP-based few-shot recognition methods [33], [34]
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Fig. 1. Overview of the EVLOD ensemble framework for open-vocabulary object detection in construction sites. The system consists of three parallel
detection branches: (A) GroundingDINO with complete image captions for sentence-level semantic understanding, (B) GroundingDINO with extracted
noun for keyword-based detection, and (C) GroundingDINO-CLIP integration for two-stage detection. All detection candidates are processed through a
voting-based fusion mechanism that performs confidence voting, object name voting, and bounding box voting to produce reliable final detections with
reduced false positives.

have shown promising transferability in detecting tempo-
rary construction-related objects, offering valuable insights
for vision-language applications in this domain. Moreover,
the advancement of multimodal fusion techniques [35] and
attention mechanisms [36], [37] provides a robust technical
foundation for developing more powerful ensemble detection
frameworks.

In this paper, we propose EVLOD (Ensemble Vision-
Language Open-vocabulary Detection), as illustrated in
Fig. 1, an ensemble-based vision-language framework tai-
lored for object recognition in construction environments.
By integrating predictions from several advanced mod-
els, including GroundingDINO and GroundingDINO-CLIP,
EVLOD achieves a notable improvement in detection perfor-
mance. Specifically, it improves the Average Precision (AP)
metric from 0.36 to 0.49 when IoU equals 0.5, representing
a 36.1% gain, while also achieving higher precision than the
best-performing single baseline model.

II. PROPOSED METHOD

This section details the EVLOD method proposed for
enhancing open-vocabulary object detection. EVLOD ad-
dresses misdetections using a voting-based strategy, sig-
nificantly improving accuracy through a majority voting
mechanism.

A. Overall Framework

The core idea of EVLOD is to enhance detection reliability
through parallel detection and collaborative decision-making
by multiple independent detectors. As illustrated in Fig. 1,
the method comprises three hierarchical algorithms: the main
algorithm handles the overall process control, the voting
fusion algorithm manages grouping and decision-making
based on detection results, and the weighted voting algorithm
performs the actual fusion computation.

Algorithm 1 EVLOD: Ensemble Voting for Open-
Vocabulary Detection

Require: Image I , captions C, weights (wA, wB , wC), voting
threshold Vmin = 2

Ensure: Final detections D
1: Prompt Preparation:
2: Tcap ← clean captions from C
3: Qnoun ← extract nouns from C
4: Multi-Method Detection:
5: BA ← GroundingDINO(I, Tcap) with weight wA

6: BB ← GroundingDINO(I,Qnoun) with weight wB

7: BC ← GroundingDINO-CLIP(I,Qnoun) with weight wC

8: Ensemble Voting:
9: U ← BA ∪ BB ∪ BC

10: D ← VOTINGFUSION(U , Vmin) ! Algorithm 2
11: return D

Algorithm 1 outlines the complete EVLOD detection
workflow. The process begins with preprocessing of textual
prompts, including cleaning image captions and extracting
key nouns. This is followed by three parallel detection
branches with distinct strategies and inputs. Branch A uses
GroundingDINO to process complete image captions, uti-
lizing sentence-level semantics for object detection. Branch
B also employs GroundingDINO but focuses on extracted
nouns, achieving efficient detection via keyword matching.
Branch C integrates the GroundingDINO Region Proposal
Network with CLIP-based semantic scoring to perform two-
stage detection using extracted noun inputs. Each branch
employs distinct textual inputs and detection strategies to
optimize performance in different scenarios. The main al-
gorithm collects all candidate detections and forwards them
to the voting fusion module to determine the final detection
results.
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Algorithm 2 Voting-Based Detection Fusion

Require: Detection candidates U , voting threshold Vmin

Ensure: Voted detections D
1: Group overlapping detections by IoU ≥ 0.4: G = {Gk}
2: D ← ∅
3: for all group Gk ∈ G do
4: if |Gk| ≥ Vmin then ! Voting threshold check
5: (b∗, s∗, y∗)← WEIGHTEDVOTING(Gk) ! Algorithm 3
6: D ← D ∪ {(b∗, s∗, y∗)}
7: end if
8: end for
9: Apply NMS and confidence filtering to D

10: return D

B. Group-Level Decision

This module handles the grouping of spatially overlapping
detections and filters out unreliable results, retaining only
those supported by multiple detection methods. Algorithm 2
introduces EVLOD’s core innovation: a voting-based fusion
mechanism. It begins by grouping overlapping detections
using an IoU threshold, with each group corresponding to
multiple detections of the same object. A critical step is
the voting threshold check: only groups containing at least
Vmin detections from distinct methods (where Vmin = 2)
are considered reliable. This effectively filters out spurious
detections generated by a single method, ensuring that final
outputs reflect multi-method consensus. For groups passing
the voting threshold, the algorithm invokes the weighted vot-
ing module for detailed fusion. Non-maximum suppression
and confidence-based filtering are then applied to produce
refined detection outputs.

C. Fusion Computation

This module integrates multiple detections within each
group to produce unified outputs via weighted voting. Al-
gorithm 3 applies three types of weighted voting to integrate
detection information.

The fusion process employs confidence voting to compute
the weighted sum of normalized confidences, where the
unified confidence score is calculated as

s∗ =
∑

i

wi · si, (1)

where s∗ denotes the fused confidence score, wi denotes the
method weight, and si denotes the normalized confidence.

y∗ = argmax
y

∑

i : yi=y

wi, (2)

where y∗ is the selected object class name, yi represents the
class name of the i-th detection, and the condition i : yi = y
indicates all detections with class name y. Bounding box
voting averages coordinates in proportion to method weights
through

b∗ =

∑
i wi · bi∑

i wi

. (3)

where b∗ denotes the fused bounding box coordinates and bi
represents the bounding box coordinates of the i-th detection.

Algorithm 3 Weighted Voting for Detection Group

Require: Detection group G = {(bi, si, yi, wi)}
Ensure: Fused detection (b∗, s∗, y∗)

1: Confidence Voting:
2: s∗ ←

∑
i wi · si ! Weighted confidence sum

3: Object Name Voting:
4: votes← {}
5: for all (bi, si, yi, wi) ∈ G do
6: votes[yi]← votes[yi] + wi

7: end for
8: y∗ ← argmaxy votes[y] ! Majority voting
9: Box Coordinate Voting:

10: b∗ ←
∑

i
wi·bi∑
i
wi

! Method-weighted average

11: return (b∗, s∗, y∗)

III. EXPERIMENTS

A. Experimental Setup

We evaluate our method on 825 UAV-captured construc-
tion site images from the ConstrUAV dataset [13], as illus-
trated in Fig. 2, comprising 5,020 annotated ground truth
instances. The dataset originates from several real-world
construction projects, with image resolutions of 960×540,
and includes diverse construction elements such as workers,
equipment, and materials.

The weights for EVLOD’s ensemble components are
tuned based on validation set performance: GroundingDINO-
Caption is assigned a weight of 0.4, while both
GroundingDINO-Noun and GroundingDINO-CLIP are
weighted at 0.3. Key parameters are set as follows: a
minimum consensus threshold of 2 to ensure agreement
across multiple methods; a merging IoU threshold of
0.4 for controlling detection grouping; a Non-Maximum
Suppression (NMS) IoU threshold of 0.6 to suppress
duplicate detections; and a confidence threshold of 0.15 to
filter low-quality outputs.

The evaluation metrics are Average Precision when IoU
equals 0.5 and Recall when IoU equals 0.5. We also report
the total number of detections and inference time. All exper-
iments are conducted on an NVIDIA RTX 4090 GPU.

B. Experimental Results

Table I compares the performance of EVLOD against
major baselines. EVLOD achieves an AP@0.5 of 0.49, rep-
resenting a 36.1% improvement over the strongest baseline,
GroundingDINO (0.36), demonstrating the effectiveness of
our ensemble strategy for open-vocabulary detection tasks.

EVLOD produces 3,232 detections, which is 41.2% fewer
than GroundingDINO’s 5,495, suggesting that our method
effectively reduces false positives and improves precision.
Although the recall (0.31) is slightly lower than that of
GroundingDINO (0.39), the considerable gain in precision
is more critical for applications in construction robotics. The
inference time is 3.83 seconds, longer than that of a single
model, but this overhead is acceptable given the performance
benefits.

The YOLO-CLIP method performs the poorest, achieving
an AP@0.5 of only 0.07 and generating 21,144 detections,
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Fig. 2. Representative samples from the ConstrUAV dataset [13] illustrating the annotation process and prompt generation. Left: original UAV-captured
construction site images. Right: ground truth annotations with bounding boxes for diverse objects including workers, equipment, and materials. Below
each image pair: annotation information with Caption Prompts (complete descriptive sentences) and Noun Prompts (extracted key object terms) used for
different detection branches in EVLOD.

TABLE I

PERFORMANCE COMPARISON ON UAV-CONSTRUCTION BENCHMARK.

Method AP@0.5 ↑ Recall@0.5 ↑ Dets Time (s/img) ↑

GroundingDINO [24] 0.36 0.39 5,495 0.99
YOLO-CLIP [38] 0.07 0.28 21,144 0.08
Ensemble (Ours) 0.49 0.31 3,232 3.83

indicating severe over-detection. Despite having the fastest
inference time (0.08 seconds), the detection quality is inad-
equate for practical deployment.

C. Qualitative Analysis

Fig. 3 illustrates EVLOD’s detection performance and
limitations. Image 187 (P:0.88, R:0.64) exhibits missed de-
tections of gray-colored objects with low visual contrast,
while Image 793 (P:1.00, R:0.57) shows missed detections
of small worker instances. The high precision in both cases
indicates accurate detection of large-scale objects, while the
moderate recall reflects systematic failures with low-contrast
elements and small-scale objects respectively.

Image 420 (P:0.00, R:0.00) represents complete detection
failure due to insufficient illumination and object scales be-
low the detection threshold. This demonstrates the method’s
sensitivity to lighting conditions and scale limitations.

IV. CONCLUSION AND FUTURE WORK

This paper presented EVLOD, an integrated vision-
language open-vocabulary object detection framework de-
signed for construction site environments. By aggregat-
ing predictions from multiple detectors, including Ground-
ingDINO and GroundingDINO combined with CLIP, and

by employing a voting-based ensemble decision strat-
egy, EVLOD significantly enhanced detection performance.
When evaluated on a dataset comprising 825 UAV-captured
construction images, EVLOD increased the AP@0.5 from
0.36, which was the best-performing baseline, to 0.49. This
corresponds to a 36.1% relative improvement. The voting
mechanism effectively reduced false positives, decreasing the
number of predicted detections from 5,495 to 3,232, thereby
improving precision. Future work will focus on enhancing
small-scale object detection through multi-scale feature fu-
sion and improving robustness to illumination variations. In
addition, future work will investigate model compression,
dynamic routing, and more efficient ensemble methods to
narrow the gap between EVLOD’s detection accuracy and
its suitability for near real-time deployment on autonomous
construction robots.
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