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a b s t r a c t

In modern petroleum engineering, ensuring operational safety at drilling sites is of critical importance. 
Visual object detection plays a key role in intelligent safety monitoring systems by enabling real-time 
supervision of personnel and equipment. However, safety-critical targets in drilling scenes are often 
small, partially occluded, and embedded in cluttered environments, leading to decreased detection 
accuracy and potential safety risks. Existing convolutional neural networks (CNN)-based detectors, 
although effective in natural scenes, often exhibit limited robustness under such complex industrial 
conditions. To address these challenges, this paper proposes MSA-DETR, a Transformer-based detection 
framework designed to enhance multi-scale perception in drilling monitoring scenarios. By improving 
the ability to capture both global contextual information and fine-grained  visual cues, the proposed 
approach enhances sensitivity to safety-relevant objects. Extensive experiments conducted on two real- 
world drilling monitoring datasets demonstrate that MSA-DETR consistently outperforms state-of-the- 
art detection methods, providing more reliable visual perception for petroleum safety management and 
accident prevention.
© 2026 Publishing services by Elsevier B.V. on behalf of KeAi Communications Co. Ltd. This is an open 

access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

Ensuring personnel and equipment safety during drilling and 
production operations is a fundamental requirement in modern 
petroleum engineering. Drilling sites are typically characterized by 
high operational intensity, complex workflows, and harsh working 
conditions, where even minor mistakes may lead to severe acci
dents, economic losses, or environmental hazards. To improve 
safety management efficiency, surveillance video systems have 
been widely deployed in drilling sites and industrial parks, 
providing continuous visual monitoring of personnel activities and 
equipment status (Neto et al., 2024). However, the massive 
amount of video data generated in practice makes manual in
spection inefficient,  subjective, and unreliable (Ahmed et al., 
2023). As a result, automated visual analysis has become an 

indispensable component of intelligent petroleum safety man
agement systems.

Object detection serves as a core technique in automated visual 
analysis and has achieved remarkable progress in many applica
tion domains (Zhu et al., 2020a). In drilling surveillance scenarios, 
object detection aims to identify personnel, equipment, and 
potentially hazardous behaviors from video streams to support 
risk assessment and accident prevention (Gong et al., 2021). As 
illustrated in Fig. 1, surveillance cameras are often installed at 
elevated or distant positions, leading to significant scale variation 
(Wang et al., 2020). In addition, complex backgrounds, illumina
tion changes, and frequent occlusions further increase detection 
difficulty. These factors make drilling surveillance a representative 
and challenging scenario for multi-scale object detection, where 
targets of different sizes coexist and require unified  modeling. 
From a visual understanding perspective, industrial object detec
tion faces challenges at multiple semantic levels. At the macro 
level, models must capture global scene structure and suppress 
background clutter, while at the micro level, they must precisely 
localize fine-grained and scale-sensitive regions (Iqbal et al., 2024; 
Peng et al., 2024). The coexistence of large, medium, and small 
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objects introduces severe scale imbalance, making effective multi- 
scale feature representation and cross-scale interaction essential 
for robust detection in drilling environments (Wang et al., 2025).

CNN-based detectors, such as Faster R-CNN (Ren et al., 2015), 
SSD (Liu et al., 2016), and the YOLO (Redmon et al., 2016) family, 
have been widely adopted due to their efficiency and strong per
formance in natural scenes. These methods typically rely on fixed 
receptive fields  and feature pyramid structures to approximate 
multi-scale representations (Rijayanti et al., 2023). However, in 
complex drilling scenes, such strategies often struggle to achieve a 
balanced representation across heterogeneous object scales (Tao 
et al., 2024). Deep down-sampling operations tend to suppress 
fine-grained  features, while shallow features lack sufficient  se
mantic context for large objects (Miri Rekavandi et al., 2025). As a 
result, CNN-based detectors face inherent limitations in jointly 
modeling global semantics and local details under severe scale 
variation, which restricts their robustness in industrial surveil
lance applications.

Transformer-based detectors have recently emerged as a 
promising alternative by introducing global attention mechanisms 
into object detection. Detection transformer (DETR) and its vari
ants enable end-to-end detection and long-range dependency 
modeling without relying on handcrafted anchor designs (Carion 
et al., 2020). Nevertheless, standard DETR encodes only the final- 
stage backbone features, which limits its ability to preserve 
high-resolution spatial information critical for multi-scale 
perception (Huang and Li, 2024, Miri Rekavandi et al., 2025). 
Subsequent approaches, such as deformable DETR (Zhu et al., 
2020b), conditional DETR (Meng et al., 2021), and lite-DETR (Li 
et al., 2023), improve convergence and efficiency through sparse 
attention and query refinement. Despite these advances, existing 
Transformer-based detectors still exhibit limitations in explicitly 

modeling hierarchical multi-scale interactions and adaptively 
balancing attention across different feature resolutions. In indus
trial scenarios with severe scale imbalance, such deficiencies may 
lead to diluted attention responses and unstable localization 
across object scales.

To address the above challenges, we propose MSA-DETR (multi- 
scale attention enhanced DETR), a Transformer-based detection 
framework tailored for complex drilling surveillance environ
ments. The proposed approach enhances multi-scale representa
tion capability by incorporating attention-based feature 
interaction across different resolutions, enabling more effective 
integration of global semantics and local details. By explicitly 
modeling cross-scale relationships in both the encoder and 
decoder, MSA-DETR improves detection robustness under extreme 
scale variation and complex background interference. The main 
contributions of this work are summarized as follows.

(1) We design a multi-scale object detection framework 
tailored for drilling scenarios, which aggregates and com
presses attention information across multiple feature layers. 
This design makes our model capture objects of varying 
scales under complex visual conditions.

(2) We construct a multi-scale attention fusion model, in which 
features at different resolutions are extracted from the 
backbone and passed into the encoder for hierarchical 
attention interaction. The attention representations from 
high-level and low-level features are updated in an alter
nated manner, enabling more effective attention-based 
feature aggregation across scales.

(3) We adopt a downsampling-based feature fusion method to 
expand the receptive field for sensitive targets. This strategy 
is particularly effective in detecting small-scale objects and 
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Fig. 1. Sample images extracted from oil and gas operation monitoring videos. Images (a) and (b) show workers operating objects of different scales in drilling sites, whereas 
images (c) and (d) capture unauthorized mobile phone use.
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contributes to the end-to-end modeling and optimization of 
the detection process under challenging drilling 
environments.

2. Related work

2.1. Object detection

In recent years, deep learning-based object detection methods 
(Cao et al., 2025) have achieved remarkable progress and can be 
broadly categorized into two classes: CNN-based architectures, 
such as Faster R-CNN (Ren et al., 2015) and YOLO (Redmon et al., 
2016), and the more recent Transformer-based architectures. 
These two paradigms differ significantly in their mechanisms for 
feature extraction and spatial modeling, and each faces distinct 
challenges. Early object detection algorithms, represented by 
Faster R-CNN (Ren et al., 2015), adopt a two-stage framework that 
combines region proposal mechanisms with classification  and 
regression networks. This approach offers high detection accuracy, 
particularly for prominent objects in high-resolution images. 
However, its relatively slow inference speed and complex training 
pipeline limit its applicability in real-time scenarios. To address 
this, single-stage detectors such as the YOLO series were intro
duced. From YOLOv1 (Redmon et al., 2016) to YOLOv13 (Ramos and 
Sappa, 2025), continuous iterations have transformed object 
localization and classification  into a unified  regression task, 
significantly  improving detection efficiency. These models have 
demonstrated strong performance in real-world applications such 
as traffic surveillance and face recognition. Nevertheless, the YOLO 
series still faces challenges in detecting small or densely packed 
objects (Nikouei et al., 2025), especially under occlusion or in 
cluttered backgrounds, where false positives or missed detections 
are more likely to occur. In contrast to these approaches, our 
method achieves more efficient  and robust detection of multi- 
scale objects and targets affected by environmental factors.

With the rapid success of Transformers in natural language 
processing (NLP), Vision Transformers have also been introduced 
into object detection tasks (Shehzadi et al., 2025). DETR (Carion 
et al., 2020) pioneered end-to-end Transformer-based detection 
by removing the region proposal network (RPN) (Ren et al., 2015), 
greatly simplifying the pipeline. Equipped with global self- 
attention, DETR models long-range dependencies effectively but 
suffers from slow convergence and suboptimal performance on 
small or fine-grained targets.

To mitigate these limitations, numerous DETR variants have 
emerged, many of which explicitly incorporate multi-scale infor
mation. Deformable DETR (Zhu et al., 2020b) adopts sparse 
deformable attention for efficient  multi-scale sampling; Condi
tional DETR (Meng et al., 2021) accelerates convergence by 
refining the query update process; and lite DETR (Li et al., 2023) 
uses a lightweight design for real-time applications. Other repre
sentative extensions include SMCA-DETR (Gao et al., 2021), which 
guides queries toward specific  scales via multi-scale attention 
maps; DAB-DETR (Liu et al., 2022), which parameterizes queries as 
dynamic anchor boxes to enhance localization; DN-DETR (Li et al., 
2022), which uses denoising queries to reduce training cost; and 
anchor DETR (Wang et al., 2022), which initializes queries with 
anchor points for improved alignment.

Despite these advances, most prior efforts focus on sampling 
sparsity, query initialization, or training efficiency, while paying 
less attention to explicitly encoding hierarchical multi-scale cues 
in the encoder and propagating scale-aware semantics to the 
decoder. In contrast, we introduce a multi-scale attention-pooling 
encoder that fuses features across resolutions through structured 

attention pooling rather than relying on sparse sampling or 
decoder-driven scale weighting. This preserves fine-grained  tex
tures crucial for detecting small objects in drilling environments. 
Moreover, our scale-aware decoder incorporates explicit scale 
embeddings to guide cross-attention. Unlike conditional DETR 
(Meng et al., 2021) or DAB-DETR (Liu et al., 2022), which modify 
query formulations without modeling intrinsic scale semantics, 
our decoder leverages scale-aware representations to improve 
localization accuracy and robustness under complex drilling sce
narios. In contrast, we introduce a multi-scale attention-pooling 
encoder that explicitly fuses features across different resolutions 
through structured hierarchical attention. This design enables 
effective interaction between high-level semantic features and 
low-level spatial details, forming scale-consistent representations 
prior to decoding. Unlike conditional DETR (Meng et al., 2021) or 
DAB-DETR (Liu et al., 2022), which focus on modifying query for
mulations, the proposed approach enhances localization robust
ness and stability across heterogeneous object scales in complex 
drilling scenarios.

2.2. Petroleum surveillance analysis

With the rapid development of Industry 4.0 and intelligent 
manufacturing, industrial monitoring systems are evolving from 
traditional passive recording to active perception, intelligent 
warning, and real-time decision-making (Serror et al., 2021). 
Against this backdrop, intelligent monitoring technologies based 
on AI, CV, and the internet of things (IoT) (Gubbi et al., 2013) are 
becoming key enablers for ensuring industrial safety. Conventional 
industrial video surveillance systems primarily rely on manual 
observation, which often results in delayed responses and high 
false alarm rates. To overcome these limitations, researchers have 
proposed intelligent video surveillance systems powered by deep 
learning and computer vision, enabling real-time analysis and 
early warning of human behaviors, equipment states, and envi
ronmental changes. For example, a research team (Zhang et al., 
2023) proposed an approach that integrates an adaptive recur
sive path aggregation network (AR-PANet) with YOLOv4 to enable 
accurate and efficient detection of small tools and equipment in 
tunnel construction monitoring under low artificial  lighting con
ditions. Lyu et al. proposed a feature fusion framework for single 
and multiple object detection in industrial automation (Lyu et al., 
2024). However, despite such advances, intelligent surveillance 
systems still face several challenges in real-world industrial ap
plications, including object recognition in complex backgrounds, 
occlusion handling, and multi-scale object detection.

In the petroleum industry, surveillance analysis has also 
become a crucial component for ensuring production safety, 
environmental protection, and operational efficiency. Recent 
studies have focused on developing vision-based monitoring sys
tems tailored for oil and gas environments, where extreme light
ing, sea spray, and distant camera angles make object detection 
particularly challenging. For instance, a research team developed a 
combinatorial reasoning-based abnormal sensor recognition 
method for subsea production control systems in offshore oil and 
gas platforms, which improves fault identification in sensor data 
under harsh operational conditions (Zhang et al., 2024). Similarly, 
Zhang et al. conducted modeling and field  investigations of a 
catastrophic oil spill and vapor-cloud explosion caused by pipeline 
leakage in a confined  space, highlighting the severity of risks 
associated with equipment failures and the importance of timely 
detection (Zhang et al., 2020). To further address small-target and 
remote-area monitoring, Wang et al. proposed an optimized Faster 
R-CNN model for oil well detection from high-resolution remote 
sensing images, significantly  improving localization accuracy of 
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small wellheads and valves (Wang et al., 2023b). Beyond safety 
monitoring, petroleum surveillance also extends to environmental 
anomaly detection. Wang et al. designed a cyber-physical frame
work for oil spill detection and risk management that integrates 
optical and thermal data to enable early warning of leakage events 
(Wang et al., 2023a). Zhan et al. further combined hyperspectral 
imaging with CNN and DBSCAN clustering to achieve high- 
precision offshore oil-spill identification  (Zhan et al., 2024). 
These advances collectively highlight that petroleum surveillance 
analysis requires robust multi-scale perception, domain-specific 
data augmentation, and real-time adaptability to handle diverse 
operational scenarios.

In industrial environments, accurately identifying human be
haviors is critical for preventing safety incidents. Reddy et al. 
proposed an intelligent monitoring system that demonstrated 
clear performance advantages over conventional methods in in
dustrial safety scenarios (Reddy et al., 2024). The field of industrial 
monitoring and analysis is rapidly evolving toward greater intel
ligence, integration, and real-time responsiveness. Despite signif
icant progress, challenges remain in multi-scale object detection, 
behavior recognition under complex environments, and real-time 
system responsiveness. To address these issues, this paper pro
poses MSA-DETR, a multi-scale attention-based DETR model 
designed to enhance object detection performance in complex 
drilling scenarios. By leveraging a multi-scale attention mecha
nism, the model provides more effective technical support for 
ensuring drilling safety.

3. Methodology

In this section, we begin by introducing the overall framework 
of our proposed method. Subsequently, we delve into the archi
tectural details of MSA-DETR, emphasizing the design of the multi- 
scale attention pooling encoder and the multi-scale attention 
enhanced visual decoder, which are central to achieving robust 
detection in complex drilling environments.

3.1. Solution overview

Inspired by the recent success of DETR-based models in object 
detection tasks (Shehzadi et al., 2025), we propose the MSA-DETR 
framework for object detection in drilling surveillance scenarios. 
As illustrated in Fig. 2, the model first  processes the extracted 
image features into a sequence of tokens. Specifically, drilling 

surveillance videos are first  divided into frames, which are then 
fed into a backbone network to obtain feature maps. These feature 
maps are subsequently flattened and concatenated to form the 
input token sequence. The token sequence is then passed through 
two key components: the multi-scale attention pooling encoder 
and the multi-scale attention enhanced visual decoder. The 
encoder is designed to guide the model to focus on multi-scale and 
key targets. To this end, we introduce a hierarchical attention 
interaction mechanism and an enhanced attention pooling module 
to effectively retain informative features. In the decoder, we pro
pose a scale-aware weighting mechanism to efficiently receive the 
context-rich feature sequences, enabling precise object localiza
tion and bounding box regression.

3.2. Multi-scale attention pooling encoder

3.2.1. Multi-scale feature extraction and token alignment
Effective feature extraction is fundamental to model perfor

mance. In the original DETR, features are extracted solely from the 
final layer of the backbone, which contains highly abstract infor
mation. However, this is insufficient for accurately capturing key 
targets, especially those that are small, occluded, or susceptible to 
background interference.

To address this issue, we adopt ResNet-50 (Pang et al., 2021) as 
the backbone to extract multi-scale feature maps. In order to 
uniformly process features at different scales, each feature map is 
first flattened into a sequence of tokens. We then append a hier
archical embedding to each group of tokens to indicate their cor
responding feature level. Finally, the token groups are 
concatenated to form a unified  multi-scale feature sequence 
S = [S1; S2; S3; S4] which is fed into the Transformer encoder as 
input, 

Si = Flatten(Conv(Fi; c=dmodel)) (1) 

where Fi denotes the i-th layer feature map of the backbone 
network, Conv represents the channel adjustment convolution, 
dmodel is the unified feature dimension, and Flatten is the flatten 
operation, by which multi-scale features form a dimension- 
consistent sequence.

3.2.2. Hierarchical alternated self-attention interaction
The multi-scale feature maps extracted from the backbone 

contain abundant information; however, lower-level feature maps 
have larger spatial resolutions, which tend to introduce excessive 
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Fig. 2. The framework of MSA-DETR uses S2–S4 to denote feature layers from the backbone, which are taken from the 5th to 3rd residual stages in ResNet-50, representing 
progressively deeper and more semantic features. S1 is obtained by downsampling S2 by a factor of 2. We consider S1–S3 as high-level feature layers, and S4 as a low-level one. In 
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background information and may overwhelm meaningful signals. 
To address the representational gap and redundancy across multi- 
scale features, we propose a hierarchical alternated attention up
date strategy. This strategy leverages the abstraction capability of 
high-level features while retaining fine-grained details from lower 
levels, which is crucial for preserving effective information.

In the encoder, the fused multi-scale token sequence S is 
decomposed into high-level features FL and low-level features FH. 
Specifically, we define FL = [S1; S2; S3] as high-level feature tokens 
(more abstract and semantically abundant), FH = S4 as the lowest- 
level feature tokens (with minimal downsampling).

High-level features are intended to capture semantically sen
sitive regions, while low-level features retain local spatial detail 
often lost in deeper layers. Notably, low-level features have a 
larger number of tokens due to their higher resolution, but they 
also carry more background noise. In drilling monitoring sce
narios, such redundant background information can significantly 
affect global self-attention, reducing the focus on critical regions.

To mitigate this issue, we propose a hierarchical alternated 
attention mechanism, where tokens from different scales interact 
sequentially. Specifically, we perform attention updates in an 
alternating manner: high-level features and low-level features are 
used as queries in turn, attending to the full multi-scale key/value 
set.

High-level queries are updated more frequently to enhance 
object discrimination, while low-level queries are updated more 
sparsely to suppress background noise. This mechanism is illus
trated in Fig. 2. Formally, the update process can be described as: 

Q = FH;K = V = Concat(F H; F L)

FH
ʹ=MHSA(Q;K;V) (2) 

where Concat denotes the concatenation of low-level and high- 
level features into a full-scale feature set. The query Q corre
sponds to the initial high-level features, while the keys and values 
K, V are derived from the initial features across all scales. FH rep
resents the high-level tokens, and Fʹ

H denotes the updated high- 
level features after interaction. MHSA stands for multi-head self- 
attention. 

Q = FL;K =V =Concat
(
Fʹ

H; FL
)

Fʹ
L =MHSA(Q;K;V)

Outputenc =Concat
(
Fʹ

L; F
ʹ
H
)

(3) 

where Fʹ
H denotes the updated high-level features after the current 

encoder layer; the query is set as the initial low-level features. FL 

represents the low-level tokens, and Fʹ
L denotes their updated 

representations, Outputenc means the training result of this round 
of encoder.

3.2.3. Enhanced attention pooling module
On the other hand, drilling monitoring scenarios often involve 

numerous fine-grained yet critical targets that exhibit weak re
sponses in complex backgrounds and are prone to being over
looked by self-attention mechanisms. To enhance the sensitivity to 
such targets, we introduce an improved attention pooling module 
into the self-attention interaction process. This design is motivated 
by the idea of expanding the representational capacity and 
sensitivity range for small-scale salient regions.

As illustrated in Fig. 3, we perform downsampling on the key 
and value features to enlarge the influence area of high-sensitivity 
regions, while keeping the query resolution unchanged. This 

ensures that the expressive capacity of each pixel in the query is 
preserved as much as possible. To formally define this process, let 
X ∈ RH×W×C denote the input feature map from a specific  scale, 
where H;W are the spatial dimensions and C is the channel 
dimension (equivalent to dmodel). The enhanced attention pooling 
applies an average pooling operation Pavg with kernel size k and 
stride s. The downsampled feature map Xʹ is calculated as: 

Xʹ=Pavg(X);Xʹ ∈ RHʹ×Wʹ×C (4) 

The spatial dimensions Hʹ and Wʹ are updated as follows: 

Hʹ=
⌊

H − k
s

+1
⌋

;Wʹ=
⌊

W − k
s

+1
⌋

(5) 

Subsequently, the feature maps are flattened  into token se
quences. Let L = H × W be the sequence length of the original 
query, and Ĺ = Hʹ × Wʹ be the reduced sequence length for keys 
and values. The flattening operation is expressed as: 

Q = Flatten(X) ∈RL×C;Kʹ;Vʹ= Flatten(Xʹ) ∈ RLʹ×C (6) 

Here, Kʹ encodes pooled contextual representations for scale- 
aware attention matching, while Vʹ preserves the aggregated 
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Fig. 3. The detailed architecture of proposed enhanced attention pooling module. 
Based on the standard self-attention mechanism, multi-scale features are input, and 
avgpooling is applied to the K (key) and V (value) to generate Kʹ and Vʹ to enhance the 
response capability of high-saliency regions. The original Q (query) is retained and 
participates in the attention computation together with the scale-compressed K/ V, 
which improves the perception robustness for small objects and fine-grained infor
mation, while effectively reducing background noise interference.
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feature content within each pooled region and serves as the in
formation carrier for cross-scale contextual propagation.

These expanded receptive fields are crucial for detecting small- 
scale objects, while for large-scale targets, the pooled regions 
occupy only a minimal proportion and thus have negligible impact 
on detection accuracy. Based on the dimensionality reduction 
defined above, we introduce the scale-aware attention computa
tion. Unlike standard self-attention where queries, keys, and 
values share the same length, our module computes the interac
tion between the high-resolution query Q and the context- 
aggregated key K .́ The attention matrix Attentionpool is derived as: 

Attentionpool = softmax

(
Q(K

′

WK)
T

̅̅̅̅̅̅̅̅̅̅̅̅̅̅
dmodel

√

)

(7) 

where, Q(K
′

WK)
T results in a matrix of shape ℝL×Lʹ

, representing 
the correlation between each fine-grained pixel and the expanded 
receptive regions. The final output Opool is obtained by aggregating 
the pooled values: 

Opool =Attentionpool(V
ʹWV) (8) 

This formulation explicitly reduces the computational 
complexity of the key/value projection from O

(
L2
)

to O(L ⋅Ĺ ), 
while expanding the receptive field for small object detection

3.3. Multi-scale attention enhanced visual decoder

In the decoder stage, MSA-DETR faces the challenge of accu
rately restoring and localizing target objects. To efficiently receive 
multi-scale attention information from the Transformer encoder, 
we introduce a scale-aware weighting mechanism that enables 
adaptive focus on object scales. By assigning different attention 
weights to regions of different scales, the model can attend to 
targets of various sizes more effectively, thereby significantly 
improving detection accuracy and robustness.

Specifically, we divide the fused feature maps into two sub
groups based on spatial resolution: a large-scale group Flarge, 
representing low-resolution and high-level semantic features, and 
a small-scale group Fsmall, corresponding to high-resolution, fine- 
grained features extracted from lower encoder layers.

To achieve dynamic scale-wise weighting, we design a MLP that 
generates the corresponding attention weights w1 and w2 for Flarge 

and Fsmall respectively. The detailed design is described as follows: 

w1 =MLP
(

Flarge

)
;w2 =MLP(Fsmall)

[
wʹ

1;w
ʹ
2
]
= softmax([w1;w2])

s:t: wʹ
1 +wʹ

2 = 1 (9) 

where the MLP takes Flarge and Fsmall as inputs and produces a pair 
of weights, wʹ

1 and wʹ
2, which are then normalized via a softmax 

function to ensure that their sum equals 1.
Each sub-feature map is then scaled by its corresponding 

weight and aggregated to form the fused feature F: 

F =wʹ
1⋅Flarge + wʹ

2⋅Fsmall (10) 

This dynamic weighting process enables the model to adap
tively emphasize scale-relevant information while suppressing 
irrelevant background noise, based on the current scene context 
and decoder iteration status.

During self-attention interaction, the decoder employs the 
enhanced fused feature F as both the key and value, engaging in 
hierarchical interactions with the query: 

Attention(Qt; F)= softmax

⎛

⎝
QtWQ

(
FWK

)T

̅̅̅
d

√

⎞

⎠
(

FWV
)

(11) 

where Qt represents the query embeddings at the t-th decoding 
layer, and d is the feature dimension. Wi(i= Q ;K;V) are the 
weighted fusion weights for Q, K, and V.

At each decoding stage, hierarchical attention and attention 
pooling are performed over the fused multi-scale feature map F. 
The output is further refined by a feed-forward network (FFN), 
which updates the predicted bounding box coordinates. This 
iterative refinement allows the decoder to progressively converge 
toward accurate object locations: 

Δbt = FFN(Attention(Q t; F))

bt = bt− 1 + Δbt (12) 

where bt denotes the position of the predicted bounding box from 
the t-th layer Decoder, and Δbt denotes its offset predicted by the 
same layer.

4. Experiment

In this section, we evaluate the performance of the proposed 
object detection model and method on two typical drilling sur
veillance scenarios, and compare it with several baseline learning 
algorithms.

4.1. Experiment setup

4.1.1. Data collection
We conduct evaluation experiments based on two real drilling 

surveillance scenario datasets. Fig. 4 shows the distribution char
acteristics of object categories and scales in the two datasets. The 
scale is divided according to the COCO standard format (Lin et al., 
2014) into small (area ≤ 322), medium (322 ≤ area ≤ 962), and 
large (area ≥ 962).

WSM-phone (well site monitoring-phone): The improper use 
of safety equipment can distract workers and increase operational 
safety risks. To address this issue, a dataset collected to identify 
unauthorized mobile phone usage by personnel within drilling 
parks, aiming to enhance production safety management. The data 
are collected from real-world surveillance videos, comprising a 
total of 19,000 images, with 16,000 for training and 3,000 for 
testing. The dataset includes only two object categories, with a 
roughly equal number of bounding boxes per class. As shown in 
Fig. 4, small- and medium-scale targets are predominant, while 
large-scale targets are relatively scarce. Mobile phones, being fine- 
grained and thin-shaped objects, are highly affected by viewpoint 
variations. In addition, the presence of low lighting and cluttered 
backgrounds in the environment increases the difficulty  of 
detection.

WSM-safety (well site monitoring–device): The safety of 
personnel operating equipment also represents a critical potential 
risk in well sites. A dataset focuses on equipment installation 
monitoring in drilling environments, covering the identification of 
personnel and various drilling components. It contains 1,600 im
ages with a total of 23,000 annotated bounding boxes, including 
1,200 images for training and 400 for testing. The scene involves a 
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wide variety of detection targets, with significant  imbalance in 
category frequency and a large range of object sizes. The dataset 
requires the detection of both small components and large ma
chinery, with a relatively balanced distribution across different 
scales. Due to the high target density and complex scenes, this 
dataset is especially suitable for research on multi-class object 
detection, large-scale variation modeling, and safety hazard 
identification.

4.1.2. Implement details
The proposed model is implemented in PyTorch 2.4.1 with 

Python 3.8.20. Experiments are conducted on an Ubuntu system 
equipped with an NVIDIA A800 GPU. Our MSA-DETR is developed 
based on the deformable DETR framework (Zhu et al., 2020b), with 
ResNet-50 (He et al., 2016) serving as the backbone, initialized 
using ImageNet-1K (Deng et al., 2009) pretrained weights. The 
number of attention heads is set to 8, and 300 object queries are 
employed. The model is trained using the AdamW optimizer with 
β1 = 0.9 and β2 = 0.999. Initial learning rates are set to 1× 10− 5 for 
the backbone and 1 × 10− 4 for the Transformer, with a batch size 
of 2. Following the standard training strategy of DETR-based 
methods, the learning rate is decayed by a factor of 0.1 at epoch 30.

During training, we adopt standard data augmentation strate
gies following the settings of DETR (Carion et al., 2020) and 
deformable DETR (Zhu et al., 2020b), including random horizontal 
flipping,  multi-scale image resizing, and random size cropping, 
followed by image normalization.

4.2. Comparison with SOTA

4.2.1. Qualitative analysis
We compare the proposed MSA-DETR with a broad range of 

representative object detection methods. These include CNN- 
based detectors such as Faster R-CNN (Ren et al., 2015) and 
YOLOv8 (Varghese and Sambath, 2024), as well as end-to-end 
Transformer-based detectors including DETR (Carion et al., 
2020), deformable DETR (Zhu et al., 2020b), DN-DETR (Li et al., 
2022), and lite-DETR (Li et al., 2023). The quantitative compari
son on the WSM-phone and WSM-safety datasets is summarized 
in Table 1.

From an overall accuracy perspective, MSA-DETR achieves the 
highest mAP on both datasets. On WSM-phone, it reaches 68.6 on 
mAP after 50 training epochs, outperforming Faster R-CNN and 
YOLOv8 trained for 100 epochs and DETR trained for 300 epochs. 
On the more challenging WSM-safety dataset, MSA-DETR achieves 
56.1 on mAP under the same training schedule, indicating faster 

convergence and more stable optimization compared with stan
dard DETR-based baselines.

In terms of localization quality, MSA-DETR also shows clear 
advantages. It achieves 72.4 on AP75 on WSM-phone and 60.1 on 
AP75 on WSM-safety, demonstrating its ability to generate more 
precise and well-aligned bounding boxes. Compared with DETR 
and deformable DETR, the proposed model exhibits noticeably 
improved localization stability in complex industrial scenes with 
cluttered backgrounds and scale variation.

The performance gain is particularly significant  for small ob
jects. On WSM-phone, MSA-DETR achieves 52.4 on APS, exceeding 
deformable DETR by more than 12 points and YOLOv8 by over 6 
points. On WSM-safety, the APS further increases to 51.4, out
performing all competing methods. These results indicate that the 
proposed multi-scale attention pooling encoder and scale-aware 
decoder effectively enhance sensitivity to fine-grained targets, 
which are critical in drilling surveillance scenarios.

Beyond detection accuracy, we further analyze model 
complexity and inference efficiency. MSA-DETR contains 48 M 
parameters and requires 138 GFLOPs per image, which is lower 
than most Transformer-based competitors with comparable ac
curacy. Despite incorporating explicit multi-scale attention 
mechanisms, the model achieves an inference speed of 25 FPS. 
Compared with DN-DETR and lite-DETR, which focus on acceler
ating training or reducing encoder complexity, MSA-DETR pro
vides a more balanced trade-off between accuracy, robustness, and 
runtime efficiency. This balance makes it well suited for real-time 
or near real-time industrial monitoring.

4.2.2. Quantitative analysis
We further compared the visual performance of different 

methods. To simulate occasional adverse environmental condi
tions in drilling monitoring scenarios, we introduced gaussian 
noise to generate blurred environments. The comparison results 
are illustrated in Fig. 5, which presents qualitative detection out
comes from Faster R-CNN, YOLOv8, DETR, deformable DETR, and 
MSA-DETR on both the WSM-phone and WSM-safety datasets 
under clear and blurred settings.

On the WSM-phone dataset, all methods can accurately detect 
the main targets under normal conditions. However, when 
gaussian blur is applied, Faster R-CNN and DETR frequently miss 
small or partially occluded objects, while YOLOv8 produces addi
tional false positives around background regions. Deformable 
DETR exhibits improved localization compared with DETR but still 
struggles with blurred edges and fine-grained targets. In contrast, 
MSA-DETR consistently maintains high-confidence  predictions 
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Fig. 4. Category and object size distribution characteristics of the two scenario datasets. (a) WSM-phone. (b) WSM-safety. The bar chart shows the number of objects of each 
category in the dataset, and the pie chart shows the proportion of objects at each scale.
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Table 1 
Comparison with SOTA on different datasets.

Dataset Methods Epochs mAP, % AP50 , % AP75 ,% APS , % APM ,% APL , % Params, M GFLOPs FPS

WSM-phone CNN-based object detectors
Faster R-CNN 100 46.5 76.1 49.7 25.8 34.3 57.7 42 180 25
YOLOv8 100 67.2 84.6 66.0 46.3 56.6 61.4 68 257 45
Transformer based object detectors
DETR 300 58.0 80.8 51.6 14.0 37.7 61.9 41 187 11
Deformable DETR 50 66.7 85.7 63.4 40.1 48.9 63.0 40 173 14
DN-DETR 50 67.5 86.4 68.2 45.3 54.1 65.5 48 195 9
Lite-DETR 50 68.1 87.1 70.5 49.6 57.8 67.2 47 203 21
Ours
MSA-DETR 50 68.6 87.6 72.4 52.4 59.7 68.4 48 138 25

WSM-safety CNN-based object detectors
Faster R-CNN 100 36.5 73.8 32.5 13.6 34.9 47.1 42 180 25
YOLOv8 100 53.7 86.2 53.7 43.6 45.7 54.8 68 257 45
Transformer based object detectors
DETR 300 49.7 84.8 50.2 28.2 39.1 50.8 41 187 11
Deformable DETR 50 51.0 85.9 52.6 34.5 43.1 52.9 40 173 14
DN-DETR 50 53.2 87.2 55.8 41.2 44.8 53.8 48 195 9
Lite-DETR 50 195 54.9 88.1 58.4 47.6 45.9 54.7 47 21
Ours
MSA-DETR 50 56.1 88.6 60.1 51.4 46.8 55.6 48 138 25

WSM-phone origional

WSM-phone blur

WSM-safety origional

WSM-safety blur

(a) (b) (c) (d) (e)

Fig. 5. Comparisons on object detection among different models and datasets. (a) Faster R-CNN. (b) YOLOv8. (c) DETR. (d) Deformable DETR. (e) MSA-DETR.
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and precise bounding box alignment, even under degraded visual 
quality, demonstrating superior robustness.

For the WSM-safety dataset, all detectors perform well on clear 
images. Under blurred conditions, Faster R-CNN and DETR expe
rience a notable decline in detection accuracy, and YOLOv8 shows 
unstable bounding boxes with reduced precision. Deformable 
DETR delivers more stable detections than these methods but 
occasionally misses small-scale components. MSA-DETR, 
benefiting  from its multi-scale attention fusion, achieves the 
most complete and reliable detection coverage across multiple 
object categories, highlighting its strong adaptability to complex 
and noisy drilling environments.

Overall, these visual comparisons confirm  that MSA-DETR 
provides the most robust and consistent performance across 
different environmental conditions, effectively balancing precision 
and stability in real-world drilling monitoring scenarios. Fig. 6
presents the attention distribution maps from the decoder of MSA- 
DETR. It can be observed that in lower-level feature layers, the 
attention is more dispersed, which facilitates better global context 
modeling. In contrast, higher-level feature layers exhibit more 
concentrated attention focused on highly sensitive regions. This 
hierarchical attention mechanism enables the model to maintain 
robustness in complex environments with multiple targets. The 
visualization results provide direct evidence of the effectiveness of 
modeling based on multi-scale feature layers.

4.3. Ablation study

4.3.1. Effectiveness of each proposed component
Setup. To validate the effectiveness of the proposed compo

nents, we conducted ablation studies. A DETR model extracting 
features from stages S2 to S4 of the backbone is used as the base
line, and evaluations are performed on the WSM-safety, which 
involves abundant multi-scale equipments. The results demon
strate that each proposed module contributes to performance 
improvements. Specifically, the hierarchical alternated self- 
attention interaction and the enhanced attention pooling module 
in the multi-scale attention pooling encoder enhance the capa
bility to capture small-scale objects. Meanwhile, the scale- 
weighted mechanism in the multi-scale attention enhanced vi
sual decoder improves the utilization of multi-scale features from 
the encoder, leading to gains across different object sizes.

Quantitative results. With deformable DETR as the baseline 
model, Table 2 presents the performance of MSA-DETR with each 
proposed component incrementally added. First, introducing the 
hierarchical alternated self-attention significantly strengthens the 
ability to model contextual structures, resulting in a 0.4 
improvement on mAP overall, with a notable 4.3 gain on APS. Next, 
the enhanced attention pooling module further improves recep
tive field aggregation, pushing APS to 45.6, verifying its effective
ness in perceiving fine-grained targets in complex scenes. 

IPM-phone

(a) (b) (d)(c) (e)

DSM-safety

Fig. 6. Attention heatmap visualization. (a)–(d) are Layer 1–4 respectively, corresponding to attention interactions from feature layers S1 − S4. (e) Integrates the attention from 
each layer. High-level layers (S1–S3) focus on salient targets with concentrated attention; the low-level layer (S4) focuses on global attention modeling with dispersed attention.
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Furthermore, the scale-weighted mechanism dynamically assigns 
weights to features at different scales, effectively enhancing multi- 
scale feature fusion and decoding in the encoder. This adjustment 
results in consistent gains, with APM improved by as much as 2.8 
and APL improved by 1.3. When all three modules are integrated, 
the model achieves optimal performance, reaching an mAP of 56.1, 
which is 5.1 higher than the baseline. Notably, APS increases by 
16.9, APM by 3.7, and APL by 2.7, validating the complementarity 
and collective value of the proposed modules in multi-scale object 
detection.

In summary, the proposed multi-scale attention modules 
significantly  enhance small object detection while maintaining 
strong performance on medium and large targets, offering a more 
effective design for multi-scale object detection in complex dril
ling environments.

4.3.2. Effectiveness of downsampling methods
Setup. To verify the effectiveness of the proposed down

sampling feature fusion strategy, we conducted a set of ablation 
studies under the same experimental setting. By training model 

variants based on different downsampling methods, we investi
gate how various operations affect the feature capturing capa
bility. Specifically.

• Avgpooling expands the receptive region by averaging values, 
enhancing global feature consistency.

• Maxpooling focuses on local extrema, strengthening the rep
resentation of salient points by highlighting peak features.

• Conv extracts spatial local correlations via convolution kernels, 
emphasizing semantic abstraction.

Quantitative results. As shown in Table 3, avgpooling with 
kernel size two and stride two achieves the best overall perfor
mance, reaching 56.1 on mAP on WSM-safety and the highest APS 
of 51.4, which confirms its effectiveness for small-object detection. 
At the same time, avgpooling maintains low model complexity, 
with 48 M parameters, 138 GFLOPs, and an inference speed of 25 
FPS. In contrast, convolution-based downsampling increases both 
parameter count and computational cost, leading to lower infer
ence speed and less stable performance. Maxpooling remains 
computationally efficient  but consistently underperforms avg
pooling in detection accuracy, particularly for small and medium- 
sized objects. Overall, avgpooling provides the most favorable 
balance between accuracy and efficiency for attention pooling in 
drilling surveillance scenarios.

Overall, avgpooling provides the most favorable balance be
tween detection accuracy, computational complexity, and infer
ence speed. These results confirm that avgpooling is a more robust 
and deployment-friendly downsampling strategy for attention- 
based multi-scale feature fusion in real-world drilling surveil
lance scenarios.

Quantitative analysis. Fig. 7 presents attention visualizations 
for the three downsampling methods, using the best-performing 
parameter settings from Table 3. As shown, avgpooling yields 
more dispersed attention, covering a wider range of targets, 

Table 2 
Ablation study on the effectiveness of different components. HA, EP, and SW 
represent hierarchical alternated self-attention interaction, enhanced attention 
pooling module, and scale-aware weighting mechanism, respectively. Values in 
parentheses indicate improvements over the baseline.

HA EP SW mAP, % APS , % APM , % APL , %

51.0 34.5 43.1 52.9

√ 51.4 (+0.4) 39.8 (+4.3) 44.1 (+1.0) 53.1 (+0.2)

√ 52.2 (+1.2) 45.6 (+11.1) 44.8 (+1.7) 53.7 (+0.8)

√ 51.7 (+0.7) 40.7 (+6.2) 45.9 (+2.8) 54.2 (+1.3)

√ √ 54.4 (+3.4) 48.8 (+14.3) 46.0 (+2.9) 55.0 (+2.1)

√ √ 53.8 (+2.8) 47.9 (+13.4) 46.6 (+3.5) 54.4 (+1.5)

√ √ √ 56.1(þ5.1) 51.4(þ16.9) 46.8(þ3.7) 55.6(þ2.7)

Table 3 
Ablation study on the effectiveness of different downsampling methods.

Downsumpling func Kernel/Stride mAP, % APS , % APM , % APL , % Params, M GFLOPs FPS

Conv K = 2, S = 2 0.54 0.512 0.463 0.515 52 165 18
K = 2, S = 1 0.415 0.385 0.335 0.391 52 225 15
K = 3, S = 2 0.460 0.402 0.399 0.441 56 184 17
K = 3, S = 1 0.447 0.387 0.377 0.426 56 309 14

Maxpooling K = 2, S = 2 0.556 0.509 0.462 0.551 48 138 25
K = 3, S = 3 0.464 0.357 0.419 0.452 48 136 29

Avgpooling K = 2, S = 2 0.561 0.514 0.468 0.556 48 138 25
K = 3, S = 3 0.478 0.375 0.431 0.456 48 136 29

(a) (b) (c)

Fig. 7. Comparison of attention visualizations for three different downsampling methods. (a) Avgpooling. (b) Maxpooling. (c) Conv. Among them, avgpooling shows more 
dispersed attention, effectively attending to various targets; Maxpooling exhibits concentrated and prominent attention; Conv has larger attention errors and poorer performance.
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maxpooling produces highly concentrated and sharp attention 
maps, which, due to their excessive sharpness, lead to the loss of 
certain fine-grained attention, while conv exhibits greater atten
tion deviation and poorer results.

In conclusion, avgpooling demonstrates superior performance 
in balancing global feature aggregation and multi-scale object 
adaptability, validating its effectiveness as a downsampling-based 
feature fusion strategy.

5. Conclusion

To optimize multi-scale object detection in oilfield surveillance 
scenarios and enhance safety assurance in operational environ
ments, we propose a novel detection framework named MSA- 
DETR. This framework aggregates and compresses attention from 
multiple feature layers to identify critical objects related to safety 
monitoring. Specifically, we construct a multi-scale feature 
attention fusion model, where the encoder takes multi-scale fea
tures extracted from the backbone and performs hierarchical 
alternated attention updates. Furthermore, we introduce a 
downsampling-based feature fusion method to expand the 
receptive field  for sensitive targets, effectively improving the 
detection of small-scale objects. In the decoder, a scale-aware 
weighting mechanism is designed to enable accurate bounding 
box regression and localization. Experiments and evaluations 
conducted on two representative drilling surveillance scenarios 
demonstrate that, compared with four baseline models, our pro
posed MSA-DETR is more suitable for complex environments 
characterized by cluttered backgrounds, varying object scales, and 
diverse viewpoints. In future work, we plan to extend MSA-DETR 
to more diverse oilfield  surveillance datasets to further evaluate 
its generalization across different operational conditions. We will 
also explore model optimization and inference acceleration tech
niques to facilitate integration with real-time industrial moni
toring systems. In addition, future research will focus on 
improving robustness under extreme weather, fog, haze, and low- 
light conditions by adopting more robust training strategies or 
incorporating additional contextual information.
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