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Abstract

We propose AOW-YOLO, a novel model designed to address the challenge of detect-
ing smoking behavior in complex construction site environments, which is particularly
difficult due to the typically small size of objects and cluttered backgrounds. AOW-
YOLO is built upon YOLO11n through the following steps. First, we develop a novel
loss function, Adaptive Occlusion and Weighting loU (AOWIoU), which dynamically
optimizes sample quality gradient allocation using multiple mechanisms, thereby
overcoming the reduced sensitivity of CloU to spatial scale errors. Second, we
introduce the Spatial Grouped-Pointwise (SGP) convolution module. By integrating a
channel-adaptive grouping mechanism, it minimizes information loss during downs-
ampling, alleviating issues related to low resolution and feature degradation. Finally,
our SGP module replaces the original backbone in LCNet. Through pointwise con-
volution, this method enables cross-group information fusion and expands channel
dimensions, effectively solving feature integration problems caused by excessive
channel segmentation. Experimental results show that on the smoking detection
dataset, the AOW-YOLO model surpasses existing lightweight models (e.g., PP-
LCNet) in both mAP50 and mAP50:95 metrics, while achieving roughly 31.6% faster
inference speed than YOLO11n. This approach provides new insights for designing
lightweight detection models and has broad potential applications in construction site
safety management.

Introduction

In complex environments like building sites, unextinguished cigarette butts signifi-
cantly increase fire risk, leading to secondary accidents that threaten safety and
cause disruptions. Therefore, most construction sites enforce strict no-smoking
policies. However, violations persist, resulting in substantial economic losses. Devel-
oping an effective system to detect and alert violations has become urgent to improve
safety standards and risk management at construction sites.
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Traditional detection methods have certain advantages but also face notable lim-
itations. For example, manual patrols and passive video review not only experience
low detection efficiency and high missed incident rates but also struggle to provide
real-time reporting and emergency response. Vidhatri et al. [1] proposed a smoke-
sensor-based fire prevention and control system that can transmit fire information
in real time and accurately locate the ignition source, demonstrating high timeliness
and accuracy in fire response. However, this approach only reacts after a fire begins,
making preemptive prevention difficult. Additionally, deployment costs are substan-
tial, potentially reaching millions of dollars per factory. Imtiaz et al. [2] conducted
a systematic evaluation of the latest wearable smoking behavior sensors. While
these sensors show high accuracy under laboratory conditions, their practicality and
cost-effectiveness are limited in complex environments such as construction sites.

Object-based detection methods balance real-time performance with cost-
efficiency, showing high potential and scalability for smoking detection tasks. Com-
pared to traditional patrol inspections or single-sensor solutions, these strategies
allow direct localization and identification of smoking-related objects within video
streams, enabling comprehensive online analysis. However, when used in actual
construction sites, they face several challenges: extreme lighting changes (such as
overexposure, underexposure, reflections, or backlighting); various occlusions and
dense interactions between targets; small object sizes and the absence of detailed
features in long-distance imaging; pseudo-similarity interference within complex
backgrounds; and hardware limitations on edge devices, including computational
power, energy use, and latency. For example, Zhang et al.’s DAHD-YOLO [3] aims to
work well across different environments, showing increased resilience under harsh
lighting conditions (like strong backlighting, localized highlights, or low light) while
maintaining fairly stable detection in visually tough situations. Still, its high overall
computational complexity and resource needs, due to complex network design and
processing paths, restrict its use in lightweight and low-power settings. Conversely,
Jia et al.’s GeoloU-SEA-YOLO [4] performs well in detecting small objects, handling
occlusions, and modeling multiple object interactions, improving recall and robust-
ness in challenging environments. Yet, when run on edge devices, limitations in
computational capacity and bandwidth cause delays and slower inference speeds,
preventing it from meeting strict real-time demands and reducing its usefulness for
instant alerts in large-scale, affordable applications.

Notably, the complexity of both the scene and the data amplifies these chal-
lenges: in open environments like construction sites, cameras are typically placed at
ground level to monitor workers performing elevated tasks. Because of long shooting
distances, many obstructions, and mainly upward-facing angles, the proportion of
effective positive samples is often low. This factor directly weakens the classification
ability of detection models. During data annotation and sample construction, ciga-
rettes rarely appear as standalone objects but are part of composite entities—such
as being held between lips or fingers. Annotation boxes therefore inevitably include
non-critical areas like fingers or lips. This accompanying information can be mistak-
enly learned by models as “cigarette” features during training, disrupting the model’s
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representation of the cigarette itself and reducing its generalization performance in real-world scenarios. During actual
deployment, detection models are also vulnerable to interference from pseudo-similar targets. Common examples include
slender, uniformly textured objects like fingers, pens, railings, or screwdrivers, which are often misclassified as cigarettes.
Such confusion leads to false positives, false negatives, and overall accuracy decline. Dynamic factors at construction
sites further worsen this challenge. Frequent personnel movement, cluttered backgrounds, and interference from dust and
smoke all increase false positive rates while undermining detection stability and reliability. At the same time, cigarettes—
as small objects—occupy a very low number of pixels in images. Under conditions of long-range capture and scale vari-
ation, they often lose fine details. Existing detectors find it hard to model these local features properly, greatly raising the
risk of false negatives.

Based on the issues mentioned above, this paper introduces the enhanced model AOW-YOLO built on YOLO11n. Its
main contributions are as follows:

(1) We propose a new regression loss function, AOWIoU (Adaptive Occlusion and Weighting loU), to replace the original
CloU loss function in YOLO11n. This function includes a dynamic threshold mechanism and an occlusion-aware mod-
ule within the WloUv3 [5] framework, effectively suppressing the dominant influence of both high-quality and low-
quality extreme samples during gradient updates and reducing the noise amplification effect. At the same time, this
loss function applies moderate weight enhancement to ambiguous and occluded samples. This helps to reduce classi-
fication confusion and false detections caused by local feature interference, significantly boosting the model’s detec-
tion robustness in densely occluded scenarios.

(2) We propose a novel downsampling convolution module called Spatial Grouped-Pointwise (SGP). This module first
uses Space-to-Depth (SPD) to perform lossless spatial-to-channel rearrangement of features, transferring fine-grained
spatial information to the channel dimension; then, it introduces channel-adaptive grouped convolutions to expand
the channel dimension and model local dependencies; finally, pointwise convolutions enable cross-group information
fusion and further expand the channel dimension. As a result, SGP effectively reduces feature isolation and detail loss
while replacing traditional stride =2 convolutions.

(3) We propose a new backbone network called Lightweight CPU-Friendly Fast Net (LCFNet). To achieve lightweight and
efficient inference on CPUs, we take inspiration from PP-LCNet [6], a backbone network based on the MKLDNN [7]
acceleration strategy. Cui et al. developed the DepthSepConv module for backbone network reconstruction. Build-
ing on this, we further prune redundant convolutional layers to lower computational complexity. At the same time, we
replace all stride =2 convolutions with SGP module to reduce the loss of fine-grained information caused by downs-
ampling. These improvements enhance feature learning while keeping a compact number of parameters, thereby
increasing CPU-based inference efficiency.

Through the work described above, the model proposed in this paper achieves significant reductions in parameters and
FLOPs while enhancing detection performance for small objects, occlusion, and dense scenes. It allows for the combined
optimization of high accuracy and real-time capability while maintaining low deployment costs.

Related works
Two-stage versus one-stage detectors: Differences in paradigms and application limits

With advancements in computer vision and deep learning, object detection models have developed into two main par-
adigms: two-stage and one-stage approaches. Two-stage detection models(R-CNN [8], Fast R-CNN [9], Faster R-CNN
[10], Mask R-CNN [11]) initially generate candidate regions, then perform detailed classification and bounding box regres-
sion. However, their high computational costs and slow inference speeds limit their use in edge devices and real-time
applications. Conversely, one-stage detection models, especially the YOLO series [12] algorithms, have gained notable
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attention because of their low computational requirements, rapid inference speeds, and strong real-time capabilities.
These benefits have shown high practical value in detecting smoking behaviors in construction site scenarios. Ji et al.
proposed YOLO — TLA [13], which improves YOLOVS5 for small — object detection by adding an additional tiny detection
layer and introducing C3CrossConv along with a Global Attention Mechanism (GAM) to enhance feature extraction and
detection performance.

Lightweight backbones and heavy structural parametrization: Balancing real-time performance with
representation power

To meet the inference demands of low-computing-power devices, researchers continue exploring lightweight solutions by
refining backbone networks(e.g., GhostNet [14], ShuffleNet [15], FasterNet [16], PP-LCNet). Many architectures reduce
FLOPs through techniques like separable convolutions, pointwise convolutions, group convolutions, and feature reuse,
while improving parallelism and cache efficiency on CPU and GPU heterogeneous hardware. Combined with structural
reparameterization during training and inference, new branches can be added during training to boost representational
capacity, then folded into equivalent lightweight computation graphs during inference to decrease detection latency. It is
important to note that lightweighting often causes side effects such as insufficient learning of channel-mixed features and
reduced long-range context modeling capabilities. This is especially true in scenarios involving small objects, crowded
environments, and strong occlusions, where representation deficiencies are more likely to occur. Achieving a controllable
balance among bandwidth, computational power limits, and feature expressiveness remains a key challenge for edge
deployment.

Downsampling strategies and fine-grained information preservation: From stride=2 to SPD reshaping

Hierarchical feature representations rely on stepwise downsampling to expand receptive fields and reduce computa-
tional complexity. However, traditional convolutions or pooling with stride=2 cause a loss of fine-grained spatial features,
impairing the distinguishability of small, elongated objects such as cigarettes. To address this issue, Sunkara et al. pro-
posed SPDConv [17], a Space-to-Depth (SPD) approach. By reshaping neighboring pixels into the channel dimension, it
preserves more local details without adding extra information loss. This method performs well under low-resolution and
small-object conditions. However, the direct “spatial — channel” mapping is limited by cross-channel interactions and
adaptive modeling capabilities: if subsequent convolutions or attention mechanisms do not achieve adequate cross-
channel fusion, the high-dimensional channel features after reshape may remain fragmented, which hampers the effi-
ciency of downstream multi-scale fusion.

Bounding box regression loss: From geometric constraints to quality perception

Bounding box regression directly affects the final localization performance. The classic loU loss produces zero gradients
when predicted boxes do not intersect with ground truth boxes (loU=0), resulting in a lack of effective guiding gradients
during early training or when initialization errors are large, which leads to slow convergence. To address this, subsequent
work introduced a “geometric constraint enhancement” approach. GloU [18] adds a minimum bounding rectangle penalty
on top of loU, allowing non-zero gradients even when boxes do not intersect. Building on this, DloU [19] further incor-
porates a center point distance term to strengthen the geometric relationship between ground truth and predicted boxes
and speed up convergence. Later, CloU adds aspect ratio consistency into the model, making the regression target more
closely match the shape of the ground truth bounding box; to unify multiple geometric factors, SloU [20] models angle, dis-
tance, and shape relationships to improve geometric optimization. Conversely, EloU [21] simplifies the regression target
by directly minimizing width and height differences, boosting optimization efficiency. Unlike the “geometric term design”
approach, the WloU series shifts focus to “sample-quality-based gradient allocation.” By using quality-aware weights

and dynamic re-weighting, it reduces the impact of extremely high- or low-quality samples on the optimization process,
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promoting effective learning from medium-quality samples and improving overall robustness. However, in complex sce-
narios with occlusion, blurring, and dense overlaps, loU only measures overlap between predicted and ground-truth boxes
and cannot fully capture the learning value of samples. This creates a gap between geometric metrics and learning needs,
causing appearance-degraded samples to be misclassified as “low-quality” and overly suppressed. As a result, it hinders
thorough learning of critical challenging samples.

Adaptive meta-learning and feature regularization: Task-aware and channel-wise enhancement

Wang et al. proposed FRCAE [22], a feature regularization meta-learning framework with channel-wise attention expan-
sion that increases feature dimensionality via self-attention, and further regularizes learning by minimizing the KL
divergence between the query and support sets to encourage consistent and transferable representations. Wan et al.
introduced TSML [23], a task-adaptive selection meta-learning algorithm that assesses task difficulty and potential future
returns; it feeds task information into a multi-armed bandit to select the most beneficial task for inner-loop training and
adjusts the outer-loop update strategy to improve generalization and convergence.

YOLO11

In the field of computer vision, the YOLO series has achieved notable success. Building on this foundation, research-

ers continue to improve the series through architectural advancements and module enhancements. Ultralytics released
YOLO11 on September 27, 2024. Compared to earlier YOLO variants, YOLO11 strikes a balance between accuracy and
speed across various tasks, including object detection, instance segmentation, pose estimation, image classification, and
Oriented Bounding Box (OBB) detection. It incorporates systematic optimizations at the backbone, neck, and detection
head levels, with its neural network architecture shown in Fig 1.

Regarding the backbone network, YOLO11 uses lightweight units to improve feature representation from shallow to
intermediate layers while reducing redundant computations. This provides stable multi-scale inputs for subsequent FPN/
PAN [24,25] (Feature Pyramid Network/Path Aggregation Network) fusion and detection heads. Throughout multiple
stages, YOLO11 employs C3K2 as the main repeating unit (and partial neck) to replace or enhance existing C2f/C3 struc-
tures. This results in better local-global information coupling and feature reuse efficiency while maintaining overall compu-
tational complexity. C3K2 inherits the “branching-and-aggregation” design of CSP (Cross-Stage Partial), while improving
gradient propagation and enhancing contextual modeling through optimized convolutional-and-pooling branch combina-
tions. As a result, it is widely used as the backbone repeatable unit in several improved models.

In its neck architecture, YOLO11 uses a combined FPN/PAN path that integrates bottom-up and top-down approaches,
emphasizing cross-layer and cross-scale information fusion. In serial implementations, it is often co-optimized with the
backbone. Through efficient feature aggregation operators, attention mechanisms, and reparameterization strategies, the
model improves robustness to small objects, dense clusters, and complex scenarios (e.g., occlusions and scale varia-
tions) while maintaining detection rates. It also offers unified feature support for multi-task learning (detection, segmenta-
tion, pose estimation, and OBB).

Regarding the detection head, YOLO11 uses an anchor-free and decoupled head approach: the classification and
regression branches work independently, with location regression focused around center points and scales. This design
lowers dependence on anchor priors and complex matching methods, usually speeding up convergence, enhancing gen-
eralization, and making deployment easier. This approach became popular starting with YOLOvV8 and is further improved
in YOLO11; related enhancements are generally confirmed through metrics like mAP, FLOPs, parameters, and FPS.

Method

To address challenges such as small objects, limited feature representation, and complex environments in construction
site smoking scenarios, this paper introduces an improved model—AOW-YOLO. The model enhances both network
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Fig 1. The architecture of YOLO11.
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architecture and loss functions. First, for regression optimization, we designed a novel AOWIoU loss function to reduce
gradient bias toward low-quality and high-quality extreme samples. We also added an occlusion-aware mechanism to
improve detection robustness in complex scenarios. Second, for downsampling, we proposed a new convolutional mod-
ule, SGP, which effectively minimizes feature loss and isolation effects while reducing computational complexity. Finally,
for the backbone network, we designed a lightweight backbone, LCFNet, by removing redundant convolutional layers from
PP-LCNet and using the SGP module for downsampling. The overall neural network architecture is shown in Fig 2.

AOWIioU

YOLO11n employs CloU (Complete Intersection over Union) as the loss function for bounding box regression. Compared
to traditional loU, it introduces three constraints—overlap, center distance, and aspect ratio consistency—during target
box optimization. This approach provides directional geometric gradients during non-overlap or low-overlap phases,
speeding up convergence and improving early training stability. Real box and predicted box parameters are presented in
Fig 3. Its definition is shown in Equation 1:

2 t t
p? (b, b%) 4 _1wo aw
=1-loU+ ———“+—(tan” — —tan™ —
Lciou (Cw)2 + (Ch)2 2 hot h 1)
However, in complex scenarios like construction sites where computational resources are limited, and small objects,
severe occlusions, and high viewing angles reduce sample feature quality, this loss function shows some limitations. First,
CloU treats all training samples equally without a mechanism to dynamically adjust weights based on sample difficulty.
This fixed-weight approach can cause the model to overfit and ignore challenging samples with blurred boundaries or
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Fig 2. The architecture of AOW-YOLO.
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large deviations, which weakens overall detection robustness. Second, its aspect ratio penalty design has structural flaws:
when predicted and ground truth boxes have the same aspect ratio but differ greatly in width and height, CloU’s penalty
does not accurately reflect the true geometric difference between them. This reduces the loss function’s sensitivity to spa-
tial scale errors. Additionally, CloU involves complex mathematical operations such as inverse tangent (arctangent), which
increase computational overhead and limit its performance on resource-constrained edge devices for real-time tasks.
Traditional loU-based regression losses implicitly treat training samples as independent and equally informative.
However, in real-world detection tasks, such as monitoring smoking behavior on construction sites, targets are often
partially occluded by surrounding structures (e.g., arms, tools, scaffold components), blurred by motion, or observed
under extreme viewing angles. In these cases, a predicted box may exhibit similar geometric consistency with multi-
ple nearby objects, creating ambiguous correspondence between the prediction and the intended target. This over-
lap competition introduces confusion-induced gradient noise: localization updates may be driven by cues from an
unintended reference object, reducing localization stability and increasing jitter in cluttered scenes. Although WIoUv3
employs a non-monotonic dynamic weighting mechanism to emphasize medium-quality samples, it still does not
explicitly distinguish between clean, learnable medium-overlap samples and visually ambiguous medium-
overlap samples caused by occlusion, blur, or perspective distortion. Consequently, samples with comparable
overlap quality can provide vastly different supervision reliability: clear instances offer consistent gradients that help
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refine boundaries, whereas ambiguous instances contain weak or conflicting visual evidence and are more likely to
mislead optimization. This motivates an ambiguity-aware regression strategy that explicitly suppresses uncertain
supervision and prioritizes samples with interpretable geometric cues, thereby improving localization robustness in
dense and occluded construction-site scenarios.

To address the limitations of conventional CloU, our AOWIoU (Adaptive Occlusion and Weighting loU) builds on the
dynamic weighting concept of WloUv3 by introducing an occlusion-aware factor and a strategy to improve medium-
quality samples: Low-quality samples are suppressed via thresholds, while fuzzy and partially occluded samples receive
moderate weighting. At the same time, the gradient contribution of high-quality samples is limited to balance optimization
across different quality levels and stabilize the regression surface. The interaction with the Consistent Dual Assignment
(CDA) training process further ensures consistent positive/negative sample allocation across classification and regres-
sion branches, reducing label noise interference in the optimization process. Without significantly increasing parameters
or FLOPs, this strategy greatly improves detection robustness for small targets, occluded or blurred objects, and dense
multi-object scenarios.

AOWIoU applies dynamic sample-level gains to positive samples in the loss layer, thereby allocating more gradient
budget to “teachable” medium-quality samples and explicitly boosting the learning weights of occluded and blurred sam-
ples. Let the loU between each positive sample’s prediction bounding box and its matched ground truth be denoted as
q = loU4 € [0, 1](loU for the predicted bounding box and the matched ground-truth box in positive samples). The maxi-
mum loU between this sample and its “second-best ground truth” within the same image is denoted as g = loU, (maximum
Intersection over Union between the sample and the sub-optimal ground-truth box in the same image). Based on this,
occlusion and confusion metrics are defined as loU_AO:
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loU_AO = max(0, g—q), 2)
1fuzzy = 1{67 > 7—fZ}' (3)

When q is large, loU_AO decreases, indicating that predictions are more easily confused with other objects, suggesting
that samples are occluded or have blurred boundaries. To avoid the influence of gradient dominance from high-quality
samples in the later stages of training and the “harmful gradients” from low-quality samples, we first introduce a symmet-
ric, decaying medium-quality reinforcement weight, as shown in equation 4.

Waia(@) = (a(1-)", B >1, (4)

It peaks at g =~ 0.4~0.7, naturally emphasizing the medium-quality range. Subsequently, the occlusion and blur
perception components are constructed using loU_AO, adjusting blurred sample weights upward while weighting clear
samples based on loU-perceived positioning:

- (2 - |OU_AO)%, 1fuzzy =1,
Wao(9, Q) { 5+q, 1fuzzy =0, (5)
v >0, § €{0,1}. (6)

Given that extremely low-quality samples are often accompanied by strong noise or poor localization, flexible gating is
further introduced to suppress their gradients:

q_TIow) ’

Wiow(q) = U( S

(7)

Here, now and s control the gate start point and slope, respectively.
Combine the three metrics to get a unified sample gain, then perform intra-batch normalization and clip the values at
upper and lower bounds to stabilize the loss scale.

W = Wmig - Wao * Wiow, (8)

) w
w= CIIp(rnean(ﬁ/)i-g, Cmin, Cmax> . (9)

On the regression side, AOWIoU maintains WloUv3’s non-monotonic focus and strong geometric constraints, but multi-
plies each sample’s gradient by w to give a larger gradient budget to “teachable regions” and occluded samples.
LrVY = mean(w - LEY3(b, b%)). (10)

The classification module uses loU-aware quality learning, employing g as soft labels while sharing the same weight
vector w to reduce confidence bias caused by occlusions.

LloY-aware = mean(w- {—(1 —[p—q|)"log(1- |p—q|)D : (11)
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The ultimate joint objective is:

L= )\regﬁféogWIoU + )\ClSEL?SLJ-aware’ (12)

The variables and hyperparameters used in the AOWIoU formula are detailed in Table 1:

Where Areg, Acis denote branch weights. In practice, g = loU, can be implemented by grouping images into positive
samples, computing pairwise loU with all ground truth boxes for that image, and taking the maximum “non-matched
ground truth” value for each positive sample. This overhead is negligible under mainstream dense detection settings and
can be further reduced using local candidate or sparse nearest neighbor approximations. AOWIoU is compatible with
CDA, with all modifications occurring only during training, resulting in zero intrusion on inference and suitability for edge
deployment. Empirically, 8 = 2.0, 7. =1.0, 7, =0.01, § = 1.0, 7w = 0.20, s =0.08, 7, = 2.0, Cmin = 0.25, Cmax = 4.0 yield
stable performance on the same dataset; For data with more severe occlusions, moderately increase 7, or 7. If instability
occurs early in training, employ an ensemble scheduling approach for g and ~., gradually increasing them from small to
large values

SGP

To clarify how SGP relates to existing spatial-channel rearrangement techniques, we first revisit PixelShuffle and its
inverse operation, Space-to-Depth (SPD). PixelShuffle—originally introduced as a sub-pixel convolution layer for efficient
super-resolution—rearranges feature maps by moving information from the channel dimension into a finer spatial grid,
enabling learnable upsampling at low computational cost [26]. SPD performs the opposite permutation: it partitions an
input feature map into non-overlapping spatial blocks and stacks them along the channel dimension, thereby reducing
spatial resolution while (in principle) preserving all information through a deterministic re-indexing rather than discarding
samples. Recently, this idea has been adopted in SPD-Conv as a replacement for strided convolutions and pooling in
low-resolution and small-object scenarios, because it mitigates the loss of fine-grained details caused by lossy stride-2

Table 1. Definitions of symbols used in the loss functions.

Symbol definitions

Tfuzzy A binary indicator function (0 or 1) that flags a sample as ambiguous if q > 7,
where 7, is a threshold.

Whid A symmetric weight focusing on medium-quality samples, peaking at g=0.5. lts
shape is controlled by the hyperparameter 3 (8 > 1).

Wao The occlusion-aware weight component. It amplifies the weight for fuzzy samples
(1,,,,=1) using a factor based on loU_AO and exponent ~;, while for clear sam-
ples (1,,,,=0), it scales linearly with g plus a bias J.

Wiow A gating function based on the Sigmoid function o(-) that suppresses the gradi-
ents of very low-quality samples (with g below the threshold 7o, ). The parameter
s controls the slope of the suppression.

w, w The final sample-wise adaptive weight. W is the product of w,_, w, , and w,_,. wis

obtained by normalizing w within a batch and clipping it to the range [Cmin, Cmax]
to stabilize training.

L"IXEUW The regression loss value computed by the WIoUv3 function.

Lfe‘;WIDU The final AOWIoU regression loss, which is the mean of the WloUv3 loss modu-
lated by the weight w.

LloU-aware The classification loss that uses g as a soft target and shares the same weighting
vector w to align the optimization focus between the regression and classification
branches. p is the predicted class probability.

https://doi.org/10.1371/journal.pone.0347052.t001
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downsampling. Building on this connection, SGP uses SPD as an information-preserving downsampling step and further
introduces lightweight grouped convolution to perform learnable, low-cost channel fusion after the spatial-to-channel rear-
rangement—distinguishing it from using SPD alone and from PixelShuffle-style operators that primarily target upsampling.

The SGP module uses a design approach that converts spatial information into depth information. Its core involves
mapping the spatial dimensions of input features to depth dimensions, thus removing the need for pooling layers and
strided convolutions found in traditional methods. This approach increases the depth of feature maps while retaining as
much original feature information as possible, effectively reducing the loss of fine details and improving representational
power in low-resolution images or small object detection tasks. The module also lowers computational complexity while
preserving model accuracy. The basic implementation of SGP is shown in Fig 4.

As shown in Fig 5, we define the input feature map X as W xHx C, set the scaling factor to scale=2, and divide it into
four sub-feature maps: S(0,0), S(1,0), S(0,1), S(1,1). Each sub-feature map has dimensions (W/2, H/2, C), correspond-
ing to a 2x spatial downsampling. Subsequently, each sub-feature map is concatenated along the channel dimension to
form a new feature map X_, with dimensions (W/2, H/2, 4xC). Since the depth-spatial transformation unfolds local spatial
blocks before concatenating them along the channel dimension, the sub-feature maps (mean, variance, response scale)
often differ significantly. Directly feeding them into convolutions for channel mixing forces the network to learn scale adap-
tation, increasing training complexity. The increased number of channels after concatenation, coupled with varying data
support (smaller spatial dimensions) per channel, can cause abnormal activation value distributions in certain channels.
This affects the stability of subsequent activation function computations and optimization, increasing computational com-
plexity. Therefore, we perform grouped convolutions by dividing the input channels into G subsets for independent convo-
lution operations, thereby reducing the number of parameters and computational load.

The core idea of Adaptive Grouped Convolution is to adaptively select an appropriate grouping number G based on the
divisibility of the input channel count, and then perform convolution operations independently on each group of channels.
Specifically, we designed a “maximum divisibility priority” grouping strategy: First, set an upper limit G,___for grouping (set
to 16 in experiments). Then, while ensuring G__ is not exceeded, search for the grouping size from largest to smallest.
Select the largest value that divides C’ evenly as the final G. This grouping strategy ensures that while reducing param-
eters and FLOPs, the grouped convolution fully leverages the distribution characteristics among channels. It avoids
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Fig 4. Diagram of SGP.
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https://doi.org/10.1371/journal.pone.0347052.9005

redundant or ineffective groupings caused by non-divisibility, enabling the convolution operation to maintain high compu-
tational efficiency while preventing feature isolation due to excessive segmentation. Mathematically, this can be expressed
as:

G=max{g|g < Gmax, C'mod g=0}. (13)

Although grouped convolutions are highly efficient, their inherent limitations necessitate performing pointwise convo-
lutions in the final step, as shown in Fig 6. This bridges information exchange between channels, enabling cross-channel
integration of global and local features. By appropriately setting the number of output channels, pointwise convolutions
can scale feature dimensions to the network’s required size. This approach restores expressive power while enhancing
feature map adaptability for downstream detection heads.

LCFNet

In lightweight and edge computing scenarios, standard convolutions combine spatial modeling with cross-channel mixing.
The computational complexity per output position is approximately given by k?Ci,Cout, or about HWk?Cj, Cout overall. This
makes it difficult to balance accuracy and real-time processing under limited computational resources. To address this, the
paper uses a DepthSepConv module as the backbone and introduces an SGP (Spatial Grouped-Pointwise) module in the
downsampling path. After global average pooling (GAP), the network’s tail connects to a 1x 1 pointwise convolution (with
1280 output channels) to expand the channel dimension and perform a linear combination, similar to a fully connected
layer. The backbone network’s layer configuration and parameter scale are detailed in Table 2.

DepthSepConv employs depth-wise convolutions (DW) to focus on local spatial patterns within each channel, followed
by point-wise convolutions (PW / 1x 1) to perform cross-channel linear combinations and channel-to-channel mapping.
Furthermore, activation functions remain a critical bottleneck on resource-constrained devices: While ReLU6 [27] offers
low computational cost, its zero derivative in the saturation region for x>6 can cause vanishing gradients; Swish [28]
(xo(x)) provides curve smoothing but incorporates exponential operations, resulting in high inference costs. Balancing
training stability and inference efficiency, we uniformly adopts the Hardswish activation—a piecewise linear approximation
of Swish—after DW and PW in this paper. Its formula is:

x - ReLU6(x + 3)

Hardswish(x) = 6 , (14)
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https://doi.org/10.137 1/journal.pone.0347052.9006
ReLU6(x) = min{max(0, x), 6}. (15)

Hardswish avoids exponential operators while maintaining smoothness and boundedness, making it more suitable for
lightweight networks and edge devices.

Given an input tensor X € R#*WxCn  DepthSepConv first performs spatial convolution independently on each input
channel to obtain an intermediate tensor Z. Let the convolution kernel size be kx k with stride s (set to s=1 in this con-
text), yielding an output spatial dimension of H' x W. The DW formula is:

Zo(ij) = Y K (U, v) Xoli+ u, j+ ),

(16)
C=1,...,Cin, (17)
(i.j) € [, HTx 1, W]. (18)

Subsequently, PW performs a 1 x 1 convolution to complete the linear combination and channel dimension mapping in
the channel dimension, yielding the output Y € R W' % Cou;

Cin
Yo(i)) = Y KPc,c) Z:(i ),
=1 (19)
c=1,...,Cou, (20)
(i,j) e [1,H] x [1, W1. 1)
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Table 2. The detailed architecture of LCFNet.

LCFNet Architecture Details

Operator Kernel Size Stride Input Size Output Size SE
Conv 3x3 2 640x640x3 320%x320x%8 X
DepthSepConv 5x5 1 320x320x8 320x320x8 X
SGP 3x3 1 320%x320x%8 160%160% 16 X
SGP 3x3 1 160x160x% 16 80x80x32 X
SGP 3x3 1 80x80x32 40x40x%64 X
3xDepthSepConv 5x5 1 40x40x%64 40x40%64 X
DepthSepConv 5%x5 2 40%x40x%64 20%x20x%128 v
DepthSepConv 5x5 1 20x20x128 20x20x128 v
GAP (Global Avg Pooling) 7x7 1 20x20%128 20x20%128 X
Conv2D+NBN 1x1 1 1x1x128 1x1x1280 X

Table notes: SGP denotes the proposed downsampling module; SE indicates whether the Squeeze-and-Excitation block is enabled (v') or not (X).

https://doi.org/10.1371/journal.pone.0347052.t002

Compared to the computational complexity of standard convolution, H'W k?C;, Cout, the complexity of DepthSepConv is
the sum of the DW and PW components:

HIW Cink2 + H,W CinCout,
DW PW (22)

Accordingly, the number of parameters is reduced from k?Ci,Coyt t0 Cink? + CinCout.

To enhance channel discriminative power, lightweight channel attention (SE) channels [29] can be inserted between DW and PW
as needed for re-calibration (commonly using two nonlinear layers: ReLU and H-Sigmoid, where Hsigmoid(x) = ReLU6(x + 3)/6).
Regarding convolution kermnel sizes, to avoid memory access and parallelization overhead from mixing multiple kernels within the
same layer, we maintains a single kernel size per module. When stronger local context is required, the 3x3 DW kernel can be mod-
erately replaced with a 5x5 kernel. Leveraging the decomposed structure allows for a larger effective receptive field with minimal
additional computational complexity.

Experiments
Datasets and experimental environment

In this paper, the Smoking Detection Dataset is used to evaluate the performance of the developed AOW-YOLO. The
Smoking Detection Dataset [30] is a public dataset consisting of images capturing smoking behaviors across various
scenarios. It contains a total of 18,160 images, each measuring 640 x 640 pixels. The object types in the Smoking Detec-
tion Dataset include cigarettes. Due to its original imbalanced sample distribution, we used a random assignment strategy
to split the dataset into training, validation, and test sets at an 8:1:1 ratio, resulting in 14,528, 1,816, and 1,816 images,
respectively.

The training environment setup is detailed in Table 3. The computer features an Intel(R) Xeon(R) Platinum 8352V
processor (2.10 GHz) and an NVIDIA GeForce RTX 4090 24G GPU. It runs Windows 11 Professional. The development
environment was established using Anaconda with Python 3.10.16 and the PyTorch 2.6.0 deep learning framework. More-
over, the experiments utilized the CUDA 12.4 platform and cuDNN 9.1.0 neural network library for acceleration.

We uses the Adam optimizer with a decay coefficient of 0.0005 for model training. The batch size is 64, and the initial
learning rate is 0.001.
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Table 3. Experimental Hardware and Software Configuration.

Hardware & Software Settings

Name Configuration

CPU Intel(R) Xeon(R) Platinum 8352V CPU @ 2.10GHz
GPU NVIDIA GeForce RTX 4090 24G

Operating System Windows 11 Professional Edition

Deep Learning Framework PyTorch 2.6.0

Development Environment Python 3.10.16, CUDA 12.4

GPU-accelerated Library cuDNN 9.1.0

Table notes: All experiments were conducted under the same hardware and software configuration.

https://doi.org/10.1371/journal.pone.0347052.t003

Evaluation indicators

In this paper, we comprehensively evaluate object detection models using metrics such as mAP50, mAP50:95, FLOPs,
Params, and FPS. Among these, mAP is calculated based on the area under the precision-recall (PR) curve (AP), aver-
aging the AP values across all categories. Since this paper includes only a single category, mAP is equivalent to the AP
value for that category. mAP50 denotes the AP calculated at a fixed loU threshold of 0.50. mAP50:95 involves computing
AP at 10 loU thresholds from 0.50 to 0.95 in steps of 0.05 (0.50, 0.55, ..., 0.95) and then averaging these values. This
metric is more sensitive to localization quality and typically produces lower values than mAP50, better reflecting the
robustness of detection boxes under varying overlap requirements. Regarding computational complexity, FLOPs and
Params measure model scale and theoretical computational load: FLOPs represent the number of floating-point opera-
tions required for a single inference (usually approximated by multiply-accumulate operations), while Params indicate the
number of trainable parameters. FPS provides an intuitive measure of inference speed, while FLOPs serve as an indirect
indicator of computational load. Positive and negative samples are classified based on loU scores: loU > 0.50 indicates
a positive sample, and loU <0.50 indicates a negative sample. To improve statistical robustness, all metrics in this study
are derived from 10 independent repetitions, with the highest and lowest values discarded and the remaining results
averaged. Considering the computational constraints of edge devices at construction sites, the proposed AOW-YOLO is
deployed and tested on an industrial control computer environment. All test data are collected from this actual deployment
(hardware configuration details are shown in Table 4).

Comparison of loss functions

To validate the effectiveness of the AOWIoU loss function introduced in the detection head, we conducted a compara-
tive analysis of existing mainstream bounding box regression loss functions, including GloU, DloU, CloU, SloU, EloU,

Table 4. Test Condition.

Testing Environment Configuration

Name Configuration

CPU Intel(R) Core(TM) i3-10110U CPU @ 2.10GHz
Operating System Windows 10 Professional Edition

Deep Learning Framework PyTorch 2.6.0

Development Environment Python 3.10.16

INT8 Quantization NO

Batch Size 1

Table notes: All models were evaluated under identical test conditions on the same CPU platform.

https://doi.org/10.1371/journal.pone.0347052.t004
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WIoUv1, WloUv2, and WIoUv3. Since loss functions only affect gradient allocation and backpropagation during training,
they have no significant impact on model parameters (Params), computational complexity (FLOPs), or inference speed
(FPS). Therefore, this experiment mainly analyzes detection accuracy and convergence speed.

As shown in Table 5, among the traditional loU series loss functions, CloU demonstrates superior performance with
mAP50=66.8% and mAP50:95=33.5%, exhibiting stable localization abilities. However, it converges relatively slowly and
is prone to gradient saturation in the mid-to-late training phases. Within the WloU family, WioUv3 shows better accuracy
through its dynamic sample weighting mechanism, achieving mAP50=66.5% and mAP50:95=32.9%. It also demon-
strates a faster reduction in box_loss during the early training stages, indicating advantages over traditional loU variants in
gradient distribution and convergence stability.

Building on this foundation, the proposed AOWIoU achieves optimal performance across three metrics: mAP50
reaches 68.8%, and mAP50:95 reaches 34.4%, representing improvements of 3.6% and 1.9% over WIoUv3, respectively.
Compared to traditional loss functions like CloU and DloU, AOWIoU not only significantly enhances detection accuracy
but also converges more quickly during training. As shown in the loss curve in Fig 7, AOWIoU’s box_loss decreases at a
notably faster rate than other methods, indicating better stability and robustness in scenarios with complex occlusions and
small targets.

This advantage mainly comes from AOWIoU’s use of occlusion-aware components and strategies to improve
medium-quality samples, based on the dynamic focus mechanism of WloUv3. These innovations reduce interference
from very high- or low-quality samples during gradient updates while increasing the learning weight of blurred and partially
occluded samples. This allows for adaptive reinforcement learning with “trainable samples,” greatly improving the detec-
tion head’s ability to localize and classify.

The comprehensive results show that AOWIoU greatly improves the model’s ability to distinguish complex samples and
ensures stable optimization while keeping computational costs low. Its dynamic fuzzy sample weighting and
occlusion-aware mechanism effectively address the performance issues of traditional loU variants in situations with occlu-
sion, blurring, and small targets. This provides a new approach to making lightweight detection models more robust in
challenging environments.

Ablation study

This study aims to perform ablation experiments on the lightweight model YOLO11n using multiple optimization strategies
to examine the combined effects of LCNet, SGP, and AOWIoU on model performance, efficiency, and complexity. Eight

Table 5. Comparison of different loss functions.

Loss Function Comparison

Method mAP50 / % mAP50:95 / %
CloU 66.8 33.5
DloU 64.2 31.8
GloU 65.8 32.8
SloU 66.0 32.9
EloU 66.1 33.0
WioUv1 65.8 32.4
WioUv2 64.8 31.6
WioUv3 66.5 32.9
AOWIoU 68.8 34.4

Table notes: The best results are highlighted in bold.

https://doi.org/10.1371/journal.pone.0347052.t005
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control groups were designed (as shown in the Table 6), comprehensively assessing performance across four dimensions:
model accuracy (mAP50, mAP50:95), inference speed (FPS), parameters (Params), and computational load (FLOPs).
Overall, the experimental data clearly demonstrate the trade-offs introduced by different technical modules: LCNet functions
as the core of model lightweighting, significantly reducing the parameters and computational load but with some accu-

racy loss; SGP acts as a powerful speedup accelerator, greatly increasing FPS while also positively influencing accuracy;
AOWIoU serves as an effective module for improving detection accuracy, robustly enhancing performance with almost no
additional computational cost.

Table 6. Ablation study of AOW-YOLO.

Ablation Settings Performance Metrics
YOLO11n LCNet SGP AOWIoU mAP50/% mAP50:95/% FPS Params/M FLOPs/G

1 v x X x 72.2 37.4 6.56 2.58 6.3
2 v v x x 66.3 32.2 9.37 1.52 3.9
3 v x v x 73.0 38.4 5.04 2.43 7.1
4 v X x v 73.4 37.1 6.58 2.58 6.3
5 v v X v 67.2 33.2 9.24 1.52 4.1
6 v x v v 72.3 38.4 4.84 244 7.1
7 v v v x 68.2 33.8 8.50 1.52 3.9
8 v v v v 68.8 34.4 8.63 1.53 4.1

Table notes: v indicates enabled, and x indicates disabled. The best results are highlighted in bold. LCNet: a lightweight backbone network (its original
downsampling strategy is used by default in the ablation studies); SGP: a module that replaces the backbone’s downsampling convolutions; AOWIoU: an
adaptive regression loss function; LCFNet: a backbone formed by integrating LCNet with SGP. Evaluation metrics encompass mAP50, mAP50:95, FPS,
Params, and GFLOPs.

https://doi.org/10.1371/journal.pone.0347052.t006
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A thorough analysis of each module’s mechanism clearly shows the performance changes and trade-offs it causes.
First, the addition of LCNet (comparing Experiments 1 and 2, 3 and 7, 4 and 5, 6 and 8) is a key factor in making the
model lighter. For example, after adding LCNet (Experiment 1 vs. Experiment 2), the number of parameters dropped from
2.58 million to 1.52 million (about 41% reduction), FLOPs decreased from 6.3 G to 3.9 G (about 38% decrease), and infer-
ence speed (FPS) improved from 6.56 to 9.37 (about 43% increase). However, this significant efficiency gain comes with
a decrease in accuracy, as mAP50 dropped from 72.2% to 66.3%, showing that LCNet reduces some feature representa-
tion ability while cutting computational costs.

Secondly, the role of the SGP module mainly involves balancing inference speed and feature accuracy. When SGP
was used alone (Experiment 1 vs. Experiment 3), FPS dropped from 6.56 to 5.04, showing that SGP adds computational
overhead without making the model lighter. However, when combined with LCNet (Experiment 2 vs. Experiment 7), FPS
decreased from 9.37 to 8.50, indicating that SGP can help improve computational efficiency in lightweight models, boost-
ing real-time performance on edge devices. At the same time, SGP usually causes small changes in accuracy. For exam-
ple, mAP50 went from 72.2% to 73.0% between Experiments 1 and 3, and from 66.3% to 68.2% between Experiments 2
and 7. This helps partially offset the accuracy loss from lightweighting.

Finally, the AOWIoU loss function (as shown in Experiments 1 vs. 4, 2 vs. 5, 3 vs. 6, and 7 vs. 8) acts as an advanced
regression optimization method, delivering notable accuracy gains with minimal computational cost. After applying AOW-
loU across all baselines (e.g., Experiment 1 vs. 4, Experiment 7 vs. 8), mAP50 increased by 0.7%—1.6%, and mAP50:95
rose by 0.4%-0.9%, while parameters and FLOPs stayed mostly unchanged. This clearly proves its plug-and-play
efficiency.

From the viewpoint of different activation configurations, Table 6 also reveals how single-module and combined-module
settings shift the balance among accuracy, efficiency, and complexity. When only one module is enabled (Experiments
2-4), each technique mainly optimizes a single aspect: LCNet (Experiment 2) aggressively compresses parameters
and FLOPs and pushes FPS to 9.37, but sacrifices 5.9% mAP50 compared with the baseline; SGP alone (Experiment
3) slightly reduces parameters yet increases FLOPs and yields a moderate FPS drop, while bringing a modest gain of
0.8%/1.0% in mMAP50/mAP50:95; AOWIoU alone (Experiment 4) keeps Params and FLOPs almost unchanged and mainly
improves accuracy. In contrast, two-module combinations (Experiments 5—7) show that LCNet and SGP jointly maintain a
highly lightweight backbone (1.52 M, 3.9 GFLOPs) with better accuracy than LCNet alone, while adding AOWIoU on top of
LCNet or LCNet+SGP (Experiments 5 and 8) further recovers part of the accuracy loss at nearly no additional complexity.
These trends indicate that single-module settings tend to move the model along one axis of the accuracy—efficiency spec-
trum, whereas combined configurations, especially those including AOWIoU, achieve a more favorable Pareto trade-off
under strict resource constraints.

A comprehensive comparison of all experimental results shows that Experiment 8 (LCNet+SGP +AOWIoU) offers the
best balance between speed and accuracy. This setup maintains very low computational overhead (1.53 million param-
eters, 4.1 GFLOPS) while achieving an inference speed of 8.63 FPS and detection accuracy of 68.8% / 34.4%, demon-
strating excellent lightweight performance and suitability for edge deployment. It is the ideal configuration for real-time
detection tasks like construction sites.

Comparison of different detection models. To ensure comparability, this section selects two representative
baselines for comparison under unified datasets, training strategies, and inference settings: general lightweight detectors
(YOLO11n, YOLOV8n) and typical lightweight backbones (PP-LCNet, ShuffleNetv2, GhostNet, FasterNet). Evaluation
metrics include mAP50, mAP50:95, FPS, Params, and GFLOPs. The results are shown in Table 7.

With only 1.53 million parameters and a computational budget of 4.1 GFLOPs, AOW-YOLO achieves 68.8%
mAP50, 34.4% mAP50:95, and an inference speed of 8.63 FPS. Compared to YOLO11n, mAP50 decreased by 3.4
percentage points and mAP50:95 by 3.0 percentage points, but the frame rate increased by 31.5% (8.63 vs 6.56
FPS). At the same time, the number of parameters and FLOPs were reduced by 40.7% and 34.9%, respectively.
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Table 7. Comparison of different models.

Model Accuracy Efficiency
mAP50/% mAP50:95/% FPS(CPU-only) Params/M FLOPs/G

AOW-YOLO 68.8 34.4 8.63 1.53 4.1
YOLO11n 72.2 37.4 6.56 2.58 6.3
YOLOv8n 71.4 37.2 5.22 2.69 8.2
YOLO12n 72.8 36.8 6.32 2.56 6.3
PP-LCNet 66.3 322 9.37 1.52 3.9
ShuffleNetv2 59.4 28.6 8.31 1.82 54
GhostNet 59.5 28.7 5.31 2.92 5.3

Table notes: All models are evaluated under the same test conditions (Table 4).

https://doi.org/10.1371/journal.pone.0347052.t007

Compared to YOLOv8n, AOW-YOLO shows a slightly lower mAP50 by 2.6% and mAP50:95 by 2.8%, yet it achieves
a 65.3% higher frame rate (8.63 vs 5.22 FPS), while lowering parameters and FLOPs by 43.1% and 50.0%, respec-
tively. This demonstrates superior computational efficiency and real-time performance in scenarios with low computa-
tional power.

In a comparative analysis with lightweight backbone networks, AOW-YOLO outperforms PP-LCNet by achieving
a 2.5% higher mAP50 and a 2.2% increase in mAP50:95. This enhanced detection accuracy and stability come with
only a slight increase in FLOPs (4.1G compared to 3.9G). When compared to ShuffleNetv2, AOW-YOLO shows
a 9.4 percentage point boost in mMAP50 and a 5.8 point increase in mAP50:95 at similar computational levels.
Although the FPS increases marginally from 8.31 to 8.63 (about 3.9%), it indicates a better balance between accu-
racy and speed. Against GhostNet, AOW-YOLO delivers a 9.3% improvement in mAP50 and a 5.7% increase in
mAPS50:95, with more efficient inference due to fewer parameters (1.53M vs. 2.92M) and lower computational cost
(4.1G vs. 5.3G).

From an overall efficiency perspective, AOW-YOLO strikes an optimal balance between accuracy and real-time per-
formance with limited computational resources. While keeping a lightweight architecture, the model improves both detec-
tion performance and energy efficiency through information-preserving subsampling (SGP) and adaptive regression loss
(AOWIoU). This confirms its effectiveness and engineering value for real-time smoking detection in complex construction
environments.

To provide a more intuitive comparison of different model performances, the experiment evaluated seven models
including AOW-YOLO and YOLO11n based on three key metrics: mAP50, mAP50:95, and FPS. The results are shown in
Fig 8. Finally, we present the test results. The industrial control computer configuration is detailed in Table 4. The results of
the deployed model are shown in Fig 9.

Conclusions

This paper introduces the lightweight and efficient AOW-YOLO for accurate identification and real-time early warning of
smoking behavior in complex construction environments. The model uses the lightweight backbone LCFNet, employs
SGP subsampling to maintain fine-grained details, and applies AOWIoU loss combined with Consistency Dual-Label
Assignment (CDA) in the decoupled detection head to more stably optimize medium-quality and challenging samples.
Experiments show that, compared with YOLO11n and YOLOv8n, AOW-YOLO achieves substantially higher CPU infer-
ence speed and lower computational cost with an acceptable accuracy trade-off, making it more suitable for resource-
constrained edge deployment. It demonstrates increased robustness and suitability for edge deployment in typical
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construction site scenarios featuring small targets, severe occlusions, and high target density, confirming the combined
effectiveness and practical value of its enhancements.

Future work will focus on more challenging areas: First, improving cross-site, cross-time, and cross-climate distribu-
tion generalization and out-of-domain robustness, combined with data-efficient learning approaches to reduce annotation
costs and mitigate data drift. Second, enhancing efficiency and model reliability under strict computational and energy
constraints (e.g., energy-efficient adaptive inference and uncertainty estimation) to ensure stable and trustworthy early
warnings. Third, developing temporal and multimodal extensions that leverage temporal correlations and heterogeneous
sensor data to increase robustness against occlusions, jitter, and extreme lighting conditions while maintaining a light-
weight architecture. These advancements will help accelerate the large-scale deployment of AOW-YOLO in smart con-
struction site safety inspections, urban security, and industrial site violation monitoring.
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