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Abstract. Construction sites present diverse and evolving visual conditions that challenge the generalizability of pre-trained
object detection models. This study proposes a parameter-efficient fine-tuning approach based on Low-Rank Adaptation to
enable adaptive object detection tailored to site-specific conditions. A general model was trained on a large-scale dataset and
fine-tuned using both the proposed method and full fine-tuning across three real-world construction projects. Despite utilizing
only 12% of the trainable parameters, the proposed approach achieved comparable or superior detection accuracy with 10%
reduced training time and 30% lower GPU memory consumption. These results highlight its effectiveness in adapting object
detection models to site-specific conditions under resource constraints. Furthermore, the approach can be extended with semi-
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supervised learning to support scalable adaptation in construction environments.
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1. Introduction

Recent advancements in computer vision have
significantly enhanced the capabilities of construction site
monitoring, particularly in productivity analysis and safety
management (Fang et al. 2020, Alsakka et al. 2023, Alaloul
et al. 2022, Liu et al. 2021, Ekanayake et al. 2021, Xu et al.
2021). Computer vision technologies offer the potential to
automate the interpretation of visual data such as images
and videos collected from construction sites, effectively
addressing labor shortages and reducing operational costs.
Among these technologies, object detection plays a pivotal
role due to its ability to identify and localize key elements
including workers, equipment, and materials in real time.

Object detection has already been implemented across
various aspects of the construction industry. In safety
management, it is used to detect potential fall hazards (Fang
et al. 2018a, b), monitor compliance with safety regulations
(e.g., hardhat usage) (Fang et al. 2018c, Wu et al. 2019,
Nath et al. 2020, Kim et al. 2023a), and evaluate collision
risks by tracking the proximity between workers and heavy
equipment (Kim et al. 2019, Son et al. 2019, Seong et al.
2023, Gan et al. 2024). For productivity analysis, object
detection aids in estimating equipment utilization rates and
productivity levels, as well as supporting cost analysis
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through the identification of the operational status of heavy
equipment (Yang et al. 2023, Zhang and Zhang 2022, Kim
and Chi 2020, Jeong ef al. 2023).

However, despite these advancements, the real-world
deployment of deep learning-based object detection models
on construction sites is still limited. A major obstacle lies in
the site-specific variability inherent to construction
domains. Many existing models are trained on datasets that
are either limited in size or insufficient in diversity to
capture the highly variable and dynamic nature of actual job
sites (Xuehui ez al. 2021, Xiao and Kang 2021, Duan ef al.
2022, Kim et al. 2023b). Visual characteristics on
construction sites can vary significantly depending on the
project phase, background context, equipment type, time of
day, and weather conditions. These variations often lead to a
decline in model performance when pre-trained systems are
applied to new or independent sites, thereby reducing the
reliability of downstream tasks such as safety monitoring
and productivity evaluation (Kim and Chi 2024, Kim ef al.
2024a). This underscores the importance of fine-tuning
models on site-specific data to ensure robust and accurate
performance in practical applications.

To address this issue, prior research has explored
various fine-tuning strategies, including zero-shot learning
(Kim et al. 2024b), few-shot learning (Kim and Chi 2021),
active learning (Kim et al. 2020), semi-supervised domain
adaptation (Hong et al. 2023, Tran et al. 2025, Kim et al.
2024a), and domain-specific data augmentation (Bang et al.
2020). While these approaches improve site-specific model
performance, they often require additional fine-tuning,
which presents practical challenges related to training time,
computational demands, and deployment feasibility. One
such challenge is that fine-tuning in centralized
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infrastructures, such as cloud servers or control centers,
requires transmitting image data from each construction
site. This process can be hindered by limited network
bandwidth, data privacy and security concerns. Moreover,
training and maintaining multiple site-specific models
impose significant burdens, both in terms of time
investment and the storage requirements associated with
large model weight files, particularly in edge or resource-
constrained environments.

To overcome these limitations, this study proposes a
novel fine-tuning strategy for object detection in the
construction domain based on Low-Rank Adaptation
(LoRA) (Hu ef al. 2022), a parameter-efficient fine-tuning
technique initially developed for large language models. In
contrast to conventional full fine-tuning methods, LoRA
substantially reduces the number of trainable parameters by
introducing pairs of low-rank matrices into the pre-trained

layers, enabling efficient adaptation with minimal resource
consumption. Its design focuses on lightweight and
incremental adaptation, making it particularly suitable for
site- and task-specific fine-tuning rather than large-scale
pretraining with substantial domain shifts. While LoRA has
been successfully applied in natural language processing
(NLP) (Hu et al. 2022) and generative models such as
Stable Diffusion (Rombach er al. 2022), its application to
object detection tasks, particularly within the construction
domain, remains largely unexplored.

The proposed method enables fast and lightweight fine-
tuning of object detection models tailored to specific
construction conditions. Since LoRA-modified weight files
are significantly smaller than full model weights, multiple
site-specific models can be stored and deployed on a single
edge device. This is particularly advantageous in edge
computing environments, where computational and storage
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Fig. 1 Overall comparison between the proposed and conventional model adaptation for construction sites
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resources are limited, and minimizing data transmission
mitigates privacy and security concerns (See Fig. 1).
Furthermore, the LoRA framework is compatible with other
fine-tuning paradigms (e.g., few-shot and semi-supervised
learning), making it a flexible tool for enhancing model
adaptability.

The contributions of this study are as follows:

1) A LoRA-based fine-tuning framework is proposed

for object detection models in construction
environments, offering reduced training time and
resource requirements compared to traditional
methods.

2) The proposed method is compatible with other fine-
tuning strategies such as few-shot learning and semi-
supervised domain adaptation. This flexibility allows
it to be integrated into existing pipelines to improve
model performance on unseen site conditions.

3) The compact weights, low computational cost, and
fast fine-tuning make the proposed method practical
for on-device adaptation in edge computing
environments.

The rest of this paper is organized as follows.

Section 2 reviews related work and establishes the
necessity of a parameter-efficient fine-tuning approach in
construction site object detection. Section 3 describes the
proposed methodology, including the object detection
architecture and the integration of LoRA into the model.
Section 4 presents experimental results comparing the
proposed LoRA-based fine-tuning with conventional full
fine-tuning methods. Finally, Section 5 concludes the study
by summarizing the main contributions, limitations, and
future research directions.

2. Related works
2.1 Object detection in construction

The application of object detection in construction has
become increasingly prevalent across a wide range of tasks,
including safety management, productivity monitoring, and
site operation optimization. Deep learning-based object
detection models, particularly those using CNN or Trans-
former backbones, have enabled automated interpretation of
site imagery, facilitating real-time understanding of
complex and hazardous environments.

In safety-related applications, object detection has been
used to identify workers, machinery, and personal
protective equipment (PPE) compliance (Kim et al. 2023a).
These models support real-time detection of fall hazards
(Fang et al. 2018b), unsafe behaviors (Liu et al. 2021), and
potential collisions between equipment and workers (Seong
et al. 2023). For productivity analysis, object detection has
helped monitor construction progress by tracking the
activity and movement of heavy equipment such as
excavators, cranes, and dump trucks, providing insight into
task durations, equipment utilization rates, and idle times
(Alaloul et al. 2022).

Beyond safety and productivity, object detection has
been applied to other tasks including site access monitoring

(Wan et al. 2023), material tracking (Wang et al. 2021), and
quality inspection (Lin er al. 2025). These applications
demonstrate the wide applicability of object detection
models in the construction domain.

However, despite promising outcomes in experimental
or controlled testbeds, deploying these models in real-world
construction sites remains a challenge. The high variability
of site conditions, including changes in lighting, layout,
background elements, and equipment types, makes it
difficult to develop general pre-trained models that perform
consistently across projects. As a result, pre-trained object
detection models often exhibit poor generalization when
applied to new sites.

To address this issue, recent studies have proposed fine-
tuning strategies such as semi-supervised learning (Hong et
al. 2023), few-shot learning (Kim and Chi 2021), and
domain adaptation to train adaptive models to the specific
sites (Kim et al. 2024a). These methods allow for model
fine-tuning using a small set of site-specific images.

2.2 Fine-tuning for adaptive models in construction
sites

To address the domain-specific performance degradation
of object detection models in construction environments,
various fine-tuning strategies have been proposed to adapt
models to new site conditions. Kim and Chi (2021)
proposed a few-shot learning method that enables models to
rapidly adapt to new construction sites using only a limited
number of labelled images from the target site. Their
method demonstrated promising accuracy improvements in
detecting site-specific objects. However, despite the
reduced data requirement, they still demanded enough time
and computational resources to cause significant delays
between data acquisition and model deployment.

In parallel, efforts to reduce manual labelling labor have
led to the development of semi-supervised learning
techniques, which incorporate unlabelled data through
methods such as pseudo-labelling and adversarial model
architecture (Kim et al. 2022, 2024a). While these
approaches alleviate the need for human annotation, they
still involve iterative retraining and high computational
cost. Such limitations underscore the need for lightweight
fine-tuning strategies that are both time- and resource-
efficient for real-world construction site applications.

Among such methods, LoRA stands out due to its
computational efficiency and compatibility with other
training strategies. LORA can be integrated into complex
training strategies such as semi-supervised learning or
domain adaptation without significant architectural
modifications. These characteristics make LoRA
particularly suitable for construction scenarios, where new
site conditions demand rapid and lightweight model
updates.

In this study, a LoRA-based approach for adaptive
object detection in construction environments was
proposed. By minimizing training costs and enabling
flexible model adaptation, LoRA offers a practical solution
for deploying object detection models across diverse and
evolving construction sites.
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2.3 LoRA in object detection

While LoRA has demonstrated substantial performance
gains and computational efficiency in fields such as NLP
and image generation, its application in object detection
remains relatively limited. This is largely due to the
structural differences between model types: LoRA was
originally designed for transformer architectures, where key
components such as queries, keys, and values are
implemented as linear projections, making them amenable
to low-rank decomposition. In contrast, most object
detection models are built on convolutional neural networks
(CNNs), where the core operations involve convolutional
kernels rather than linear layers.

To address this gap, Ding et al. (2024) introduced
LoRA-C, a modified version of LoRA specifically adapted
for CNN-based models. Their work explored which
dimensions of convolutional kernels could be decomposed
effectively without compromising the model structure.
Although this represented one of the first serious attempts
to bring LoRA into convolutional backbones, the overall
performance improvements were modest, highlighting the
inherent difficulty of applying LoRA to non-transformer
architectures.

In another recent study, Talaoubrid et al. (2025) applied
LoRA to DiffusionDet, a generative object detection
framework based on diffusion models. Although
conceptually interesting, DiffusionDet suffers from high
computational complexity and slow inference, limiting its
applicability to time-sensitive domains like construction
monitoring. More promisingly, Pu and Xu (2025) explored
LoRA in the context of Transformer-based object detectors,
integrating LoRA into the attention layers and detection
heads of a Swin Transformer-based architecture. Their
results showed that LoRA can deliver performance
comparable to full fine-tuning while using fewer
parameters. However, the scope of their study was limited
to satellite imagery, and primarily focused on architectural
analysis rather than domain adaptability.

Building on this foundation, our study explores the
application of LoRA to adaptive object detection in
construction environments, focusing on its ability to
generalize across diverse site conditions with minimal
computational resources. Through this study, it has been
demonstrated that the LoRA-based object detection fine-
tuning approach effectively trains adaptive models by
capturing cross-site variations in construction environments.

3. Methodology
3.1 Low-Rank Adaptation (LORA)

Modern deep learning models, especially those used in
vision and language tasks, often contain millions to billions
of trainable parameters. With the rise of large-scale
foundation models, the computational and storage demands
for training and fine-tuning such models have increased
dramatically. This has led to the development of parameter-
efficient fine-tuning (PEFT) methods, which aim to
optimize model performance on new tasks with minimal

Fig. 2 The structure of LoORA module

resource consumption.

Traditional PEFT approaches include layer freezing,
where only a subset of parameters (typically the final
layers) are fine-tuned while the rest of the model is kept
fixed. Another common method involves adapters, which
insert lightweight trainable modules into a frozen pre-
trained model. While these approaches offer efficiency
benefits, they have notable limitations. Freezing early layers
can limit model adaptability to new domains, and adapters
may increase model complexity, require structural
modifications, or introduce latency during inference.

LoRA takes a different approach by assuming a low-
rank subspace for weight updates as shown in Fig. 2. The
key idea is that during task-specific fine-tuning, the intrinsic
rank of the required parameter updates is often much lower
than the full rank of the weight matrices in the pre-trained
model. LoRA exploits this by decomposing the weight
updates into a pair of low-rank matrices, allowing the model
to train only a small number of parameters during fine-
tuning.

Formally, given a pre-trained weight matrix W € R4*¥,
LoRA introduces two low-rank matrices A € R™* and
B € R such that the weight is updated as

W =W+ AW = W + BA (1)

Here, r K min(d, k), so the number of additional
trainable parameters is drastically reduced. Importantly, the
original weight matrix W is kept frozen, and only A and B
are optimized during training.

LoRA offers several advantages that make it particularly
suitable for practical deployment. It requires significantly
fewer trainable parameters compared to the conventional
full fine-tuning method. This results in reduced
computational resource demands and shorter training times.
Furthermore, the additional weight files generated through
LoRA-based fine-tuning are considerably smaller in size
than the original model weights, enabling storage of
multiple task-specific weight files on a single device.
During inference, these LoRA parameters are applied
additively to the base weights, preserving the original
model’s pipeline and achieving the same inference speed
without introducing bottlenecks.

3.2 Model architecture

To evaluate the performance of LoRA-based fine-tuning
for object detection, a modified Faster R-CNN (Girshick
2015) architecture was adopted as a baseline detection
model. Several improvements were applied to enable the
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integration of LoRA.

Specifically, the model replaces the original Rol Pooling
operation with Rol Align (He et al. 2017) to improve
localization accuracy. For the backbone, Swin Transformer
Tiny (Swin-T) (Liu et al. 2021), a vision Transformer
known for its hierarchical attention structure and strong
performance on detection tasks, is adopted. In particular,
Swin-T was selected because its Transformer-based
architecture is structurally compatible with parameter-
efficient fine-tuning methods such as LoRA, whereas
standardized and widely validated LoRA integration
strategies for CNN-based backbones are still limited.

A Feature Pyramid Network (FPN) (Lin ef al. 2017) was
used as the neck component to support multi-scale feature
extraction, enhancing the model’s ability to detect objects of
varying sizes. The detection head of the proposed model
consists of two stages. First, a Region Proposal Network
(RPN) generates candidate object proposals, and Rol Align
is applied to refine the spatial features extracted from these
regions. Then, a classification and regression module,
composed of fully connected linear layers, predicts the
object categories and refines the bounding box coordinates.

In proposed LoRA-enhanced architecture, the Swin
Transformer backbone was partially decomposed using
LoRA. Specifically, LoORA modules were inserted only into
the self-attention layers within the Swin blocks, while all
other components were kept frozen to reduce the training
cost. Additionally, LoRA decomposition was applied to the
linear layers in the detection head, which constitute

217

a substantial portion of the trainable parameters in the base
model. In contrast, the FPN and RPN consist primarily of
convolution-based feature extraction layers, for which
standardized and well-validated LoRA integration strategies
are not yet established. Therefore, full fine-tuning was
performed on the FPN, RPN, and the classification and
regression blocks of the detection head to maintain overall
model performance. The overall architecture with LoRA
applied can be seen in Fig. 3.

In LoRA-based adaptation, the choice of rank is a
critical factor, as it directly influences the model’s capacity
while maintaining computational efficiency. The rank must
be carefully balanced to avoid underfitting or excessive
overhead. In this study, we follow the low-rank
approximation-based selection strategy introduced by Pu
and Xu (2025). Their method analyses the singular value
distribution of weight matrices using Singular Value
Decomposition (SVD) to assess the intrinsic dimensionality
of each layer. Layers with slower singular value decay
require higher ranks to avoid loss of representational
capacity, while those with faster decay can be effectively
approximated with smaller ranks.

Guided by this principle, a uniform rank of 48 was
assigned to the LoRA modules applied to the Swin
Transformer backbone, while the fully connected layers in
the detection head (FC1 and FC2) were assigned ranks of
64 and 16, respectively. Table 1 presents the number of
trainable parameters and compression ratios for each layer
according to the specified rank values.
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Fig. 3 Model architecture for LoORA-based fine-tuning

Table 1 Number of trainable parameters (K)

Backbone Neck Detection Head
Methods — Total
Path partition Stage 0 Stage1 Stage2 Stage3 FPN RPN Rol FCO Rol FC1 BBox
Full fine-tune 8 299 1,188 11,842 14,184 2,730 594 12,846 1,050 11 44,752
LoRA 0 55 111 664 442 2,730 594 868 33 11 5,508
Low rank r - 48 48 48 48 - - 64 16 - -
Compressed ratio p 0 0.184 0.093 0.056 0.031 1 1 0.068 0.031 1 0.123
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In terms of parameter efficiency, conventional full fine-
tuning involves approximately 44.75 million trainable
parameters, requiring 171.02 MB of storage for the weight
file. In contrast, the LoRA-based fine-tuning reduces the
number of trainable parameters to just 5.51 million, which
is 12.3% of the original model size, with a stored weight
file size of only 21.04 MB. This substantial reduction in
size allows for multiple fine-tuned model variants adapted
to different conditions or tasks to be stored and accessed on
a single device, which is particularly beneficial in
construction implementation scenarios.

4. Experimental results

To evaluate the performance and applicability of the
proposed LoRA-based fine-tuning method in real-world
construction environments, a series of experiments was
conducted. These experiments include training a general
object detection model on a large-scale construction dataset,
establishing site-specific testbeds, and comparing the
effectiveness of LoRA against conventional full fine-tuning
under resource and performance.

4.1 Experimental setup

4.1.1 General pre-training with MOCS datasets

To build a general object detection model for
construction sites, a Faster R-CNN architecture was trained
on the MOCS dataset (Xuehui et al. 2021), which
comprises 41,668 images collected from 174 diverse
construction sites. This dataset reflects a wide range of
image acquisition conditions, equipment types, and
environmental contexts. For consistency in evaluation and
compatibility with site-specific datasets, the MOCS labels

were restructured into two high-level categories: ‘worker’
and ‘heavy equipment.” All other object classes were
excluded from these experiments.

A total of 19,404 images were used for training and
4,000 for validation. The model was initialized with weights
pre-trained on the COCO dataset and fine-tuned for 12
epochs. Training was conducted using the AdamW
optimizer with a learning rate of 0.0001, weight decay of
0.05, and B-values of (0.9, 0.999). A batch size of 4 was
maintained throughout all training runs. This configuration
served as the baseline for both full fine-tuning and LoRA-
based adaptation experiments. The training and test results
were obtained on a system equipped with an Intel i9-
10980XE CPU, 256 GB of RAM, and an NVIDIA
GEFORCE RTX 3090 GPU. For evaluation, mean Average
Precision (mAP) at an IoU threshold of 0.5 (mAP@0.5)
was used as the primary metric to assess detection
performance.

Although the main objective of this study is to explore
the use of LoRA for site-specific adaptation, its
effectiveness during large-scale pretraining was also
examined. LoRA modules were applied to the same model
architecture described in Section 3.2, with all other training
configurations held constant. However, the results (see
Table 2) revealed that LoRA was not effective when used
for full-scale pretraining on large-scale datasets with
significant domain disparity. This is consistent with the core
intuition of LoRA, which is designed for lightweight and
incremental adaptation rather than addressing substantial
domain shifts. Therefore, in scenarios involving large
domain differences, full fine-tuning remains the more
effective strategy for developing a general model in the
construction domain. In contrast, for site-specific adaptation
(see Table 3), LoRA achieves comparable performance to
full fine-tuning, highlighting its suitability for efficient

MOCS
(Pre-trained model)

Project 1

Project 2 Project 3

Train

Test

Fig. 4 Dataset configuration used for training and evaluation

Table 2 Comparison between full fine-tuning and LoRA on the MOCS dataset

Method Dataset Worker Equipment Time Memory (MB)
Full fine-tune MOCS 0.819 0.862 9h 37m 19s 12550
LoRA MOCS 0.691 0.643 8h 44m 24s 9533
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Table 3 Experiment results

Train Test
Banghwa Kaist_animal D2 Trgining Memory
Type Dataset - - - time (MB)
Worker  Equipment Worker Equipment Worker Equipment Worker
w/o Fine-tune MOCS 0.819 0.862 0.689 0.236 0.606 0.485 0.769 9h37m 19s 12550
Banghwa 0.809 0.971 0.852 0.629 56m 58s 11339
Full fine-tune Kaist animal  0.834 0.952 0.82 0.941 23m 12s 9803
D2 0.938 0.807 13m 19s 11340
Banghwa 0.815 0.958 0.854 0.634 51lm 16s 8423
LoRA Kaist animal  0.815 0.954 0.818 0.92 20m 29s 7290
D2 0.929 0.833 1lm 31s 8422
MOCS + Banghwa 0.809 0.852 0.846 0.702 10h46m4s 12553
subset full ~ Kaist animal 0.805 0.85 0.775 0.919 10h Om 53s 12559
fine-tune D2 0.813 0.849 0.797 9h55m27s 12553
Banghwa 0.812 0.863 0.837 0.643 9h44m 15s 9527
sulgi(e)tcLso;A Kaist_animal  0.817 0.862 0.762 0.903 9h Sm4ls 9532
D2 0.819 0.856 0.804 8h56m 14s 9534

adaptation in resource-constrained environments.

4.1.2 Construction site testbeds

To assess the adaptability of the LoRA-based fine-
tuning method, three site-specific testbed datasets were
constructed. In order to reflect realistic deployment
conditions, images were split according to the actual
construction timeline. Early-phase images were used for
training, while visually distinct later-phase images were
allocated to the test set. Training data for each project was
further divided into training and validation subsets, with
80% allocated for training and 20% for validation.

Project 1 (Banghwa), located in Gangseo-gu, Seoul,
included a total of 2,860 images, which were split into
1,716 for training, 572 for validation, and 572 for testing.

Project 2 (Kaist_animal), a structural frame project in
Yuseong-gu, Daejeon, yielded 1,390 images, divided into
800 training, 200 validation, and 390 test images.

Project 3 (D2), also in Gangseo-gu, Seoul, produced
1,181 images, with 439 used for training, 110 for validation,
and 632 for testing. Since this site did not include heavy
equipment, evaluation was limited to the ‘worker’ class.

Fig. 4 shows representative samples from the MOCS
dataset and each of the project datasets. The MOCS dataset
covers a broad range of scenarios and captures diverse
conditions, but lacks the temporal and spatial consistency
found in the project datasets. In contrast, the project
datasets exhibit distinct site-specific characteristics, such as
consistent camera angles and background elements, which
make them well-suited for evaluating the effects of site-
specific fine-tuning on model performance. The temporal
separation between training and test sets also introduces a
moderate level of domain shift, reflecting the progression of
a real construction project.

4.2 Site-specific fine-tuning with LoRA

In this section, the effectiveness of the proposed LoRA-
based fine-tuning method was evaluated in adapting a
general pre-trained model to site-specific conditions. The
pre-trained model, trained on the MOCS dataset as
described in Section 4.1.1, was evaluated on the test sets on
the three construction sites introduced in Section 4.1.2. As
shown in Table 3, the pre-trained model achieved an mAP
of 0.557 on the test sets, significantly lower than the fine-
tuned models which achieved 0.810, highlighting the need
for site-specific adaptation. This highlights the difficulty of
generalizing across diverse construction environments and
reinforces the need for site-specific fine-tuning.

The model was subsequently fine-tuned for each project
using both the conventional full fine-tuning approach and
the proposed LoRA-based method. LoRA was configured as
described in Section 3, with low-rank matrices applied to
the attention layers in the backbone and the linear layers in
the detection head. All other training settings remained
unchanged.

The results of these experiments, summarized in Table
3, demonstrate that the proposed method achieved an
average mAP of 0.812, compared to 0.810 for full fine-
tuning, corresponding to a 0.2% difference across the
projects. Moreover, the proposed method offers significant
computational advantages: it reduced training time by
approximately 10% and GPU memory usage by about 30%.
These improvements are crucial in scenarios where models
must be fine-tuned on-site or deployed in edge computing
environments, where time and memory are limited.

In addition to site-specific fine-tuning, this study also
investigates the effects of incorporating the MOCS dataset
alongside each project’s subset during the fine-tuning
process. These experiments were designed to evaluate
whether the performance of the LoRA-based fine-tuning
method is more sensitive to the degree of domain shift than
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to the size of the dataset itself.

The results indicate a slight decrease in performance
when fine-tuning is conducted using both the project subset
and the MOCS dataset, compared to using the subset alone.
In addition, the increased dataset size led to longer training
times. However, despite the extended training time, the
LoRA-based method still demonstrated a notable reduction
in overall training duration compared to full fine-tuning.

These findings suggest that when the visual
characteristics of the target site differ substantially from
those represented in the MOCS datasets, introducing
additional general data may dilute site-specific feature
representations rather than reinforce them. Conversely,
when the adaptation data closely matches the deployment
environment, LoRA fine-tuning based solely on site-
specific images can achieve better performance.

5. Conclusions

In this study, a LoRA-based fine-tuning framework was
proposed for adapting object detection models to the
dynamic and site-specific environments of construction
sites. As construction sites exhibit a high degree of
variability across location, phase, and time, pre-trained
general models often suffer from performance degradation
when applied directly to new environments. To address this
challenge, a parameter-efficient fine-tuning strategy was
adopted, which significantly reduces training time and
computational demands.

Our experiments demonstrated that while the proposed
method may not be suitable for full-scale model pre-training
on large and diverse datasets, it proves highly effective
when applied to site-specific adaptation tasks. Compared to
traditional full fine-tuning, the LoRA-based approach
achieved comparable or superior detection accuracy with a
10% reduction in training time and a 30% decrease in GPU
memory consumption. These gains are especially important
in construction domains, where model deployment often
occurs under strict resource and time constraints, such as
during live projects or on edge devices.

Through comprehensive testing across three real-world
construction site datasets, the practical effectiveness of the
proposed method was validated in handling both subtle and
significant domain shifts. The results confirm that LoRA is
a viable solution for scalable, adaptive object detection in
the construction industry.

Future work could explore two promising directions.
First, the compatibility of LoRA-based fine-tuning with
semi-supervised learning frameworks could be investigated
to reduce annotation costs during deployment. This
integration would enable more efficient adaptation in real-
world scenarios where labeled data is limited and manual
annotation is labor-intensive.

Second, the practicality of the proposed approach may
be further validated by evaluating its adaptability under
diverse conditions within a single construction site, such as
varying weather scenarios and distinct construction phases
(e.g., earthwork, structural frame, and finishing). These
evaluations would help determine whether multiple LoRA-
adapted models can be selectively activated in response to

varying site conditions within the same project.
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