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Abstract. This study develops an improved CoTNet-SE model for smart helmet positioning error correction under UWB and 
inertial sensor sequences. The task addresses construction-site localization errors caused by temporary barriers, steel 
structures, material stacks, moving equipment, worker posture changes, non-line-of-sight ranging, inertial drift, and brief 
trajectory interruptions. A simulated dataset is constructed with 42 work zones, 18 UWB anchors, 96 helmet terminals, and 
1.48 million synchronized UWB-IMU samples collected from open spaces, scaffold corridors, stair entrances, underground 
passages, and material storage yards. The model builds UWB range residuals, IMU motion windows, anchor-visibility masks, 
signal-confidence descriptors, zone-distance features, and trajectory context features. Contextual Transformer Convolution 
learns local-to-global error patterns, while Squeeze-and-Excitation recalibration selects reliable sensing channels before 
coordinate correction and safety-zone scoring. Compared with raw UWB, Kalman filtering, LSTM fusion, temporal 
convolution, and attention-only baselines, the model reduces mean positioning error from 0.74 m to 0.39 m, decreases 95th-
percentile error from 1.82 m to 0.91 m, and lowers safety-zone false alarms by 31.6%. The average inference latency is 8.7 
ms per helmet window on a desktop setting, supporting edge-side updates. The method remains limited by simulated data 
and requires real-site validation, anchor calibration, privacy protection, weather testing, and map-update integration. 
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Introduction 
Smart helmets are important sensing carriers for construction safety that can integrate worker identification, 
movement path, local environment and risk-zone access into a single digital record. [1]. Workers move through 
lifting zones, material yards, underground passages, reinforcing cages, formwork areas and temporary routes in 
busy construction sites, and Nkrow et al. [2] found that time-based indoor localisation is easily disrupted by non-
line-of-sight conditions. A positioning error of less than one metre can still change the alert status when a worker 
is near a hoisting boundary, edge-protection line, stair entrance or equipment turning radius. Wang et al. [3] 
have shown that UWB accuracy is significantly affected by NLOS/LOS classification. Wearable positioning 
becomes more reliable when inertial cues are combined with UWB measurements, and Liu et al. [4] have 
demonstrated improved indoor positioning under dynamic feasible-region constraints through IMU/UWB fusion. 
Therefore, this study views smart helmet localisation as an error-correction and safety-warning problem rather 
than simple coordinate acquisition. 

The main difficulty is the coupled error behavior of UWB and inertial sensing. UWB ranging can provide high 
precision in open indoor environments, but construction sites are rarely clean radio spaces. Steel columns, dense 
materials, crane components, concrete walls, temporary lifts, and stacked pipelines can produce multipath delay 
and non-line-of-sight measurements. IMU sequences preserve short-term motion continuity between UWB 
updates, yet acceleration integration and heading estimates drift when the helmet is shaken, tilted, or affected 

  Data Engineering and Applications 

Re
se

ar
ch

 P
ap

er
 

 



Improved CoTNet-SE Model for Smart Helmet Positioning Error Correction Under UWB and Inertial Sensor Sequences 
https://doi.org/10.64972/dea.2026.v5i3.4323d:28-40 

29 
 

by worker posture. Earlier localization research has discussed NLOS instability, and inertial fusion research has 
emphasized time-accumulated drift. Safety harness detection [5] and IoT-based worker monitoring [6] further 
show that sensing errors can directly affect field safety decisions. The model must therefore judge whether a 
coordinate jump comes from real motion, UWB disturbance, or inertial compensation failure. 

Deep sequence models can learn error patterns that are difficult to express through fixed thresholds. Recurrent 
models, temporal convolutions, graph-based range correction, and attention methods have all been applied to 
localization and sensor-fusion problems, but helmet-side and edge-side systems require high throughput and 
interpretable outputs. The model should be insensitive to normal worker motion while remaining sensitive to 
sudden signal loss, anchor blockage, and safety-zone boundary approach. Channel attention research suggests 
that sensing dimensions should not contribute equally in all windows [7], and contextual feature extraction can 
help distinguish open-area drift, steel-structure jumps, and brief occlusion [8]. Digital construction studies [9] 
and wearable safety studies [10] also show that corrected locations must be connected with operational data 
and understandable warnings. These needs motivate the improved CoTNet-SE model. 

This is how the remainder of the paper is structured. Inertial sequence correction, attention-based lightweight 
modelling, and construction-site localisation are introduced in Section 2. The UWB-IMU data creation, CoTNet-
SE correction method, training aim, and safety-zone output are all introduced in Section 3. The simulated data 
set, position accuracy, trajectory stability, robustness, ablation analysis, and warning application are displayed 
in data figures and one comparison table in Section 4. The primary findings and deployment issues are displayed 
in Section 5. 

Related Work 

UWB-Based Smart Helmet Localization 

Due to the brief pulses' relative immunity to narrow-band interference and ability to accomplish high-precision 
time-of-flight range, UWB localisation is frequently used in indoor and semi-indoor conditions. To connect a 
worker's location to a safety zone and process data, a position terminal is frequently fastened to a hard helmet, 
vest, or cell phone on the construction site. Anchor geometry, sample frequency, range methodology, and 
ambient reflection all have an impact on accuracy, according to studies of indoor localisation surveys [11]. 
Studies on construction monitoring [12] have also demonstrated that when workers enter temporarily restricted 
areas or move behind machinery, the sensing system must maintain a consistent identity-location association. 
By connecting movement with job tasks and warning responsibilities, smart helmets enhance the utility of 
positioning. However, UWB comparative study [13] demonstrates that device-level variations may still alter the 
ultimate mistake pattern. Geometric correction and behavior-aware filtering are therefore necessary for UWB 
Helmet localisation. 

Inertial Sensor Sequence Correction 

IMU data are utilised to preserve trajectory continuity between UWB updates and give acceleration, angular 
velocity, and attitude changes. Short-term motion cues can lessen coordinate discontinuities in the presence of 
a weak radio signal, according to research on inertial navigation [14]. Minimise the IMU's drift. The helmet's 
position may be altered by a worker's routine activities, such as bending, turning, climbing stairs, carrying items, 
gazing around, etc., without requiring a substantial amount of body movement. Thus, temporal filtering, motion-
state identification, and confidence allocation across sources are the main focus of sensor fusion studies [15], 
and review work on worker tracking [16] has further demonstrated that location continuity has to be assessed 
in practice under site mobility. UWB measurements are not replaced by the IMU sequence in the suggested job. 
To assist the model in determining if the present UWB value is physically reasonable based on the recent velocity, 
direction, and movement rhythm, set a time restriction. 

Attention Recalibration in Lightweight Models 

Sequences of sensors may be modelled using attention methods, and depending on the work context, various 
feature channels are given varied weights. In an outside yard, IMU correction will be minimal and UWB range 
may be rather precise. The model must give inertial continuity and anchor visibility greater weight since residuals 
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in a steel corridor are often bigger. In order to recognise short-window patterns and longer motion contexts, 
Contextual Transformer Networks [17] combine convolutional localisation with attention-based context 
aggregation. Another compact technique for allocating various weights to UWB distance residuals, inertial 
increments, signal quality, and safety-zone distance is SE-style channel recalibration [18]. This choice is 
supported by selective kernel modelling [19] and efficient channel attention [20], as helmet localisation must 
satisfy edge-device latency constraints and cannot employ a hefty cloud model for each correction step. 

Methodology 

Multi-Source Positioning Signal Construction 

The input sequence is created by combining the synchronous UWB and IMU data captured by the smart helmet 
terminal. There are 24 samples after resampling to 10 Hz, with each location window lasting 2.4 seconds. The 
raw UWB coordinate, the distance between the helmet and visible anchors, the anchor signal quality, 
acceleration, angular velocity, yaw variation, and the most recent corrected coordinate are all saved by the 
system for every sample. Open ground, scaffold corridor, reinforced concrete barrier, material storage area, 
stair entry, temporary road, and equipment interaction area are the 42 zones of the construction site. Before 
the network topology is presented, the UWB-IMU relationship may be understood since Figure 1 depicts the 
entire signal gathering process to safety-zone output. 

 
Figure 1. UWB-IMU smart helmet positioning error correction workflow. 

 
The difference between the observed distance and the helmet state's geometric distance to each anchor is used 
to compute the UWB ranging residual. The residual is a direct indicator of non-line-of-sight interference and 
indicates how far the present UWB signal deviates from the anchor geometry. 

𝑟𝑟𝑖𝑖,𝑡𝑡 = 𝑑𝑑𝑖𝑖,𝑡𝑡𝑢𝑢𝑢𝑢𝑢𝑢 − ‖𝑝𝑝𝑡𝑡 − 𝑏𝑏𝑖𝑖‖2 Eq.(1) 

Short-term motion continuity is demonstrated by carrying over the inertial state inside the same window. The 
acceleration term is a displacement tendency that may be connected to changes in UWB coordinates rather than 
an absolute-position source. 

𝑠𝑠𝑡𝑡imu = [𝑎𝑎𝑡𝑡 ,𝜔𝜔𝑡𝑡 ,𝜃𝜃𝑡𝑡 ,𝑣𝑣𝑡𝑡−1 + 𝑎𝑎𝑡𝑡Δ𝑡𝑡] Eq.(2) 
UWB residuals, inertial increments, anchor visibility, and local safety-zone distance make up the multi-source 
input vector. In the simulated dataset, every vector has 38 normalised dimensions. Missing anchor observations 
are portrayed as visibility masks and confidence ratings rather than being consistently assigned to a coordinate, 
and the missingness itself might function as a feature. 
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𝑥𝑥𝑡𝑡 = concat�𝑟𝑟1,𝑡𝑡 , … , 𝑟𝑟𝑚𝑚,𝑡𝑡 , 𝑠𝑠𝑡𝑡𝑖𝑖𝑖𝑖𝑖𝑖 , 𝑞𝑞𝑡𝑡 , 𝑧𝑧𝑡𝑡� Eq.(3) 

Before training the model, raw records are filtered using a window-level validity check. A window is retained 
when at least four anchors are visible in general areas, or when three anchors are visible in restricted corridors 
where site geometry constrains the worker route. The timestamp difference between IMU and UWB records 
must not exceed 35 milliseconds. If the difference is larger, the sample is treated as asynchronous and excluded 
from the main analysis so that the model does not learn false jumps caused by recording delay. Each trajectory 
is tagged with scene type, occlusion state, worker motion state, and closest safety-zone category. The simulated 
coordinate ground truth is built from calibrated reference trajectories with 0.05 m uncertainty. 

CoTNet-SE Error Correction Model 

After receiving the window sequence, the improved CoTNet-SE model generates a coordinate correction vector 
rather than predicting absolute position from scratch. Figure 2 shows the model structure. UWB residual streams, 
IMU sequence streams, anchor-confidence maps, and zone-distance features enter the left side of the network. 
Contextual convolution learns temporal-neighbor associations in the central block, and the SE branch 
dynamically recalibrates feature channels according to global window statistics. The right side outputs corrected 
coordinates, trajectory confidence, vertical-level correction flags, and safety-zone warning scores. This design 
preserves useful UWB geometry while allowing IMU continuity and scene context to correct unreliable windows. 

 
Figure 2. Improved CoTNet-SE error correction network. 

 
The contextual feature block maps local sequence features into a context-aware representation. This operation 
is useful when a short UWB jump should be interpreted together with several previous stable points instead of 
being corrected in isolation. 

ℎ𝑡𝑡 = 𝜙𝜙𝑐𝑐 �𝑊𝑊𝑘𝑘𝑥𝑥𝑡𝑡 + �  
𝑗𝑗⊂𝑁𝑁(𝑡𝑡)

 𝛼𝛼𝑡𝑡,𝑗𝑗𝑊𝑊𝑣𝑣𝑥𝑥𝑗𝑗� Eq.(4) 

The attention coefficient measures the relation between the current state and neighbouring states in the same 
window. A window with stable movement should produce smooth attention, while a window with occlusion or 
anchor loss should produce stronger contrast between reliable and unreliable moments. 

𝛼𝛼𝑡𝑡,𝑗𝑗 = softmax�
�𝑊𝑊𝑞𝑞𝑥𝑥𝑡𝑡�

𝑇𝑇�𝑊𝑊𝑘𝑘𝑥𝑥𝑗𝑗�
√𝑑𝑑

� Eq.(5) 

The SE branch recalibrates feature channels by using global window statistics. It gives higher weights to signal 
dimensions that remain stable in the current scene and lower weights to disturbed or redundant channels. 
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𝑤𝑤𝑐𝑐 = 𝜎𝜎 �𝑊𝑊2𝛿𝛿�𝑊𝑊1mean𝑡𝑡(ℎ𝑡𝑡)�� Eq.(6) 

The recalibrated sequence feature is then obtained through channel-wise multiplication. This step is important 
because UWB residual, IMU direction, and zone-distance features have different reliability in different 
construction areas. 

𝑔𝑔𝑡𝑡 = 𝑤𝑤𝑐𝑐 ⊙ ℎ𝑡𝑡 Eq.(7) 
Instead of using a deep fully connected stack, the corrected representation is passed to a shallow regression 
head so that many helmets can be processed at the edge gateway. The regression head contains two hidden 
layers with 128 and 64 units, and dropout is used only during training. The output includes a horizontal 
coordinate correction, a confidence score, and a vertical-level correction flag. The vertical flag is necessary 
because the same horizontal map location can have different safety meanings on stairs or platforms. For 
example, a worker near a stair entrance may appear close to a restricted area in two-dimensional space, but the 
alert depends on whether the worker is on the same level or moving between levels. 

Training Objective and Warning Output 

The coordinate correction vector is estimated from the recalibrated representation. The corrected coordinate is 
added to the raw UWB coordinate rather than predicted from scratch, because raw UWB still carries useful 
geometric information even when it is noisy. 

𝑝̂𝑝𝑡𝑡 = 𝑝𝑝𝑡𝑡𝑢𝑢𝑢𝑢𝑢𝑢 + 𝑊𝑊𝑜𝑜𝑔𝑔𝑡𝑡  Eq.(8) 
The training loss combines point error, temporal smoothness, and safety-zone consistency. Point error penalizes 
the distance between corrected and reference coordinates. Temporal smoothness reduces implausible jumps 
across neighboring windows, and safety-zone consistency penalizes corrections that change warning status 
incorrectly near restricted areas. In the simulated training setup, zones and neighboring trajectories are 
separated to reduce leakage between similar routes. The corrected coordinate is added to the raw UWB 
coordinate rather than predicted independently because raw UWB still carries useful anchor geometry even 
under noise. The safety-zone score is then computed from corrected position, confidence, motion direction, and 
distance to restricted boundaries. 

𝐿𝐿 =  mean (‖𝑝̂𝑝𝑡𝑡 − 𝑝𝑝𝑡𝑡∗‖1) + 𝜆𝜆𝑠𝑠 mean (‖Δ𝑝̂𝑝𝑡𝑡‖2) + 𝜆𝜆𝑧𝑧𝐿𝐿𝑧𝑧 one  Eq.(9) 
The safety-zone score is computed after coordinate correction. The score increases when a worker approaches 
a restricted zone, equipment interaction boundary, or temporary edge-protection line. It is not a substitute for 
site rules; it converts corrected positioning into a readable warning signal for managers. 

𝑅𝑅𝑡𝑡 = 𝜎𝜎(𝛽𝛽1dist(𝑝̂𝑝𝑡𝑡 ,𝑍𝑍) + 𝛽𝛽2𝑐𝑐𝑡𝑡 + 𝛽𝛽3𝑢𝑢𝑡𝑡) Eq.(10) 

Results and Discussion 

Dataset and Positioning Error Source Analysis 

The simulated dataset contains 1.48 million synchronous UWB-IMU samples from 18 UWB anchors and 96 smart 
helmets. Five representative construction settings are included: open ground, scaffold corridor, steel-structure 
area, stair entry, and material storage yard. Figure 3 presents the dataset and positioning error sources. Figure 
3(a) reports scene type proportions: open ground, scaffold corridors, steel-structure regions, stair entrances, 
and material yards account for 29.5%, 21.0%, 18.7%, 14.6%, and 16.2% of samples. Figure 3(b) shows that low-
confidence UWB ranging is most common in steel and material zones. Figure 3(c) shows IMU drift intervals, and 
Figure 3(d) reports occlusion types including temporary walls, piled materials, equipment bodies, and human 
crowding. 
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Figure 3. Dataset and positioning error sources. (a) Scene type proportions. (b) UWB signal quality. (c) IMU drift intervals. (d) Occlusion 

type distribution. 
 

The error distribution demonstrates that while UWB and IMU faults are complimentary, they are not always 
consistent. When a worker turns suddenly or changes the carrying posture, IMU direction will still fluctuate even 
when UWB residuals are modest in open terrain. The IMU trajectory is often smooth since scaffold corridor 
workers follow a set course; nevertheless, UWB signals may bounce off metal pipes. The head and body are 
briefly out of alignment at the stair entry due to a shift in vertical direction. Even when there has been a slight 
range error, existing indoor positioning analysis [21] shows that it is impossible to determine whether the 
trajectory is truly viable without taking signal quality into account. Consequently, anchor visibility, residual 
magnitude, inertial increments, and zone distance are not fused in a single channel by the created features 
before fusing. To aid in error debugging, separate them. A significant residual can indeed occur during high-
speed travel between two anchors, but if the fused vector is created too early, the model might learn that a 
large residual always corresponds to an unreliable location. The adjusted path will be smooth but may differ 
from the real walking path if inertial increments are given too much weight. Compare radio error, inertial 
tendency, and scene constraint in the same window after keeping the source-specific evidence visible until the 
contextual block. Therefore, compared to a purely statistical smoothing approach, the latter adjustment is better 
suited for building safety. 

One common finding is that scenes with the highest average coordinate errors do not usually have the most 
severe warning faults. Even after adjustment, the location along a forklift route may still be inside the tight safety 
zone due to a somewhat substantial localisation mistake in some material-yard windows. However, because the 
closest danger zone is far away, a reasonably substantial mistake in an open transfer route might not be 
immediately apparent. The smart helmet will be impacted by this distinction. Safety-zone sensitivity should be 
evaluated alongside positioning accuracy, and worker-safety research [22] has demonstrated that context-
aware warning outperforms raw location reporting. Thus, mean error, 95th-percentile error, trajectory 
discontinuity, false alarm rate, and inference latency will also be included in the subsequent trials. 

The dataset also includes missing and disturbed observations. Anchor packets are randomly removed in 18.0% 
of severe occlusion windows and 6.5% of regular windows. Short signal bursts appear near lifts and stacked steel 
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components, and IMU jitter is introduced into 12.4% of fast-turning windows. These conditions are included 
because construction monitoring systems often contain partial or asynchronous records. Sensor-fusion research 
[23] shows that robustness requires a model to use one source to compensate for another without over-relying 
on either. CoTNet-SE is therefore expected to help because it can suppress unreliable feature channels while 
learning short-window context. 

Comparing sample completeness with the distance to the closest danger threshold reveals another kind of 
pattern. Just 18.5% of the high-risk windows have been thoroughly cleaned by UWB ranging, although nearly 
34.2% of them being within 1.2 meters of a prohibited area. In other words, the riskiest times are sometimes 
also the most fragile. As a result, the model shouldn't assume that the warning must be postponed until the 
signal is clear. Although a delayed warning is operationally poor for personnel near machinery or temporary 
edges, it is technically cautious. The dataset is configured to illustrate this trade-off: if a worker is approaching 
a tight danger zone, a window with a comparatively high coordinate uncertainty may nevertheless require a 
warning. As a result, both spatial inaccuracy and warning quality are included in the experiment report. Even 
while a model that just minimises the mean square error of coordinates would look good on a graph, it still falls 
short of the smart helmet system's real safety criteria. Both the tail error and the mean error are shown for the 
same reason. Although they make up a small percentage of the data, a few significant coordinate jumps might 
cause issues with real-world warning danger. In the simulated data, steel-frame corners, makeshift lifts, and 
thick material racks account for the poorest 5% of sample records. Additionally, the site manager is more inclined 
to establish careful or limited sections in these locations. P95 error and false alarm rate are therefore analysed 
more carefully since they are seen to be significant indications of a model's performance in a chaotic 
environment as opposed to perfect settings. 

 
Figure 4. Positioning correction performance. (a) Mean positioning error. (b) Trajectory smoothness. (c) Region misclassification. 

Correction Accuracy and Trajectory Stability 

The first positioning correction test is shown in Figure 4. Figure 4(a) compares the mean absolute positioning 
error of raw UWB, Kalman filtering, LSTM fusion, temporal convolution, attention-only fusion, and the proposed 
model. Raw UWB reaches 0.96 m because NLOS windows remain uncorrected. Kalman filtering reduces jitter 
but remains weak under prolonged blockage. LSTM fusion and temporal convolution improve sequence use, 
while the proposed model reaches 0.39 m by combining context modeling with SE recalibration. Figure 4(b) 
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reports trajectory smoothness, where trajectory break rate falls from 9.8% in raw UWB to 2.7%. Figure 4(c) 
reports region misclassification, showing that zone-level accuracy can matter more than point-level error near 
material yards and stairs [24]. 

 
Table 1 shows the related numbers. Instead of presenting accuracy, tail error, false alarm, and latency separately, 
the table is utilised to provide them collectively for integrated understanding. While a model with high accuracy 
but sluggish inference is unsuitable for helmet-side deployment, a model with a low average error but a 
significant tail error is nonetheless hazardous for safety management. Although the suggested method may not 
have the lowest latency, it operates quickly and with decent correction accuracy. This balance is better than a 
single best-value choice since smart helmet monitoring is an ongoing service. The edge gateway must maintain 
the responsiveness of the warning interface, integrate zone map updates, and employ a large number of workers. 
By the time of the alert, the corrected coordinate can already be outdated if the model is operating too slowly. 
A quick result might nevertheless be incorrect if the model is very simplistic. Consequently, a lightweight 
contextual model rather than a hefty end-to-end localisation network will be chosen using the table. The trials 
mentioned above also show that the raw accuracy is insufficient. The identification of a worker entering a limited 
area may be delayed by a model that smoothes all trajectories to improve the average error. Another model 
produces a lot of false alarms in the vicinity of reflecting steel buildings, but it may react quickly to all coordinate 
changes. The suggested approach is beneficial since it simultaneously lowers the quantity of high-risk boundary 
errors and overall drift. 

Table 1. Quantitative comparison of positioning correction models. 
Model MAE (m) RMSE (m) P95 Error (m) Latency (ms) 

Raw UWB 0.96 1.24 2.46 1.1 
Kalman Filter 0.74 0.98 1.82 2.4 
LSTM Fusion 0.56 0.73 1.36 6.8 

Temporal Conv. 0.51 0.69 1.28 5.9 
Attention Fusion 0.47 0.63 1.17 9.5 

CoTNet-SE 0.39 0.52 0.91 8.7 
 

An error curve that demonstrates trajectory continuity is shown in Figure 5. Open-ground and scaffold-corridor 
approaches are combined in Figure 5(a). Although raw UWB still shows spikes close to the equipment parking 
area, open-ground movement is typically steady. Even when UWB measurements momentarily diverge, the 
corrected locations in scaffold corridors should be around the accessible walking route. Stair-entrance and 
material-yard pathways are combined in Figure 5(b). Larger IMU orientation shifts are caused by stair movement, 
while cement sacks and piled pipes can obstruct material-yard anchors. As a result, anchor loss, residual surge, 
walking direction, and scene class should all be taken into account at the same time in the corrected trajectory. 
Evaluation of temporal continuity under various signal settings is supported by research on deep sequence 
models [25]. 

 
Figure 5. Trajectory continuity under representative construction scenes. (a) Open-ground and scaffold-corridor paths. (b) Stair-entrance 

and material-yard paths. 
The two locations for the remaining mistakes are: The first is a packed, short-distance passage where many 
helmets are in close proximity to one another and there are simultaneous reflections in the UWB channel. The 
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second is a sudden shift in posture that occurs when an employee bends to pick up stuff and then rapidly turns. 
Although there is little real displacement, the IMU sequence in these windows indicates motion. The suggested 
approach still employs simulated labels and lacks visual verification, so while the inaccuracy has decreased, it 
has not completely disappeared. The location of a safety choice may be enhanced by taking site geometry and 
process status into account, according to research on construction digital twins [26]. This is consistent with the 
present model, and the next stage will be to more closely integrate equipment movement data with map 
updates. According to the comparison above, the warning module does not need to have great accuracy or low 
latency. Although attention-only fusion has a high latency and is less reliable when packet loss occurs, it has a 
respectable error level. Although Kalman filtering is quick, it is unable to recognise recurring disturbance 
patterns in the material and steel zones. The suggested model has greater trajectory consistency, a reduced 
false alarm rate, and is within the edge update budget, while not being the quickest method. 

Ablation, Robustness, and Safety-Zone Application 

The ablation and robustness tests are shown in Figure 6. Figure 6(a) shows that removing the context block 
increases mean error from 0.39 m to 0.48 m because the model has difficulty distinguishing chronic NLOS drift 
from brief isolated residuals. Figure 6(b) shows that removing the SE branch leaves unreliable channels active in 
steel-structure occlusion, increasing false alarms. Figure 6(c) reports UWB packet-loss robustness; the proposed 
model performs better than LSTM fusion when packet loss rises from 5% to 20% because anchor visibility is 
modeled as an explicit feature. Figure 6(d) reports IMU jitter robustness. Attention-based fusion research 
supports adaptive weighting to prevent one disrupted modality from dominating the output [27]. 

 
Figure 6. Ablation and robustness analysis. (a) Context block removal. (b) SE branch removal. (c) UWB packet-loss robustness. (d) IMU jitter 

robustness. 
 

Figure 7 displays the output for safety warnings and correction accuracy. The false alarm rate for equipment-
turning, edge-protection, and lifting zones is shown in Figure 7(a). Because fewer corrected points have 
breached the safety barrier as a result of coordinate jitter, the overall number of false alarms in the new model 
has decreased by 31.6%. The warning lead time is shown in Figure 7(b). The management can ascertain whether 
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a worker has entered the restricted area with a mean lead time of 3.6 seconds for equipment contact. Since a 
late notice will not allow for intervention and an early warning may be disregarded, the lead time should not be 
prolonged forever. Alarm quality is correlated with timing, confidence, and context, according to safety-
management study [28]. 

 
Figure 7. Safety-zone warning performance. (a) False warning rate. (b) Warning lead time. 

 
The model can be applied at the edge, according on runtime outcomes. For a single helmet window, the average 
inference latency is 17.9 ms on an integrated edge controller and 8.7 ms on a desktop. The system can manage 
several helmets via batching because the value is smaller than the simulation's 100 ms update budget. There 
are other deployment conditions than latency. Address the issues of worker privacy, sampling synchronisation, 
helmet battery status, and anchor calibration. Machine-learning deployment study [29] suggests that 
operational factors can change the perception of model confidence, and edge AI experiments [30] have 
demonstrated that a model with excellent offline accuracy may not work well in reality if data synchronisation 
and maintenance protocols are insufficient. As a result, the suggested approach will include model-confidence 
output, missing-packet recording, and a signal-quality dashboard. In an actual deployment, the site manager 
should be able to identify if the alert was caused by a worker in close proximity to a risk region, a low-confidence 
UWB condition, a quick inertial change, or an inaccurate coordinate. Otherwise, after several false alarms, 
people won't know what is being warned of and would ignore the alert. Therefore, rather of being a 
comprehensive automatic decision-maker, the suggested output is to be used as a monitoring tool. For the 
purpose of reviewing the worker's movement following an incident, it saves the corrected location, confidence 
value, and warning cause together. 

A single coordinate is insufficient; therefore, it is more convenient for managers to see the continuous path of a 
worker. Corrected Trajectories can support safety-zone inspection, route replay, worker congestion analysis and 
incident review. Human-centred monitoring research [31] proposes that managers use a decision-support 
system to process information and make the final decision. Research on explainable AI [32], anomaly detection 
surveys [33], hierarchical attention research [34], and rule-based explanation research [35] also support 
providing consistent reasons for automated warnings. Therefore, the model stores the corrected position, 
confidence level, warning reason and recurrent blind spot in anchor layout. A staged observation mode is used 
prior to real-time notification to compare the threshold with a manual safety record. 

Conclusion 
This paper introduces an improved CoTNet-SE model for smart helmet positioning error correction under UWB 
and inertial sensor sequences. The method integrates UWB range residuals, IMU motion windows, anchor 
visibility, zone-distance features, contextual transformer convolution, SE channel recalibration, coordinate-
offset regression, and a safety-zone warning output. Kalman filtering, LSTM fusion, temporal convolution and 
attention-only baselines were compared with raw UWB; the model improved trajectory continuity, reduced false 
safety-zone alarms and lowered the mean positioning error in the simulated construction-site dataset. 

The treatment of helmet localisation as a context-aware safety issue is the primary contribution. IMU drift is not 
solely associated with motion estimation, and UWB faults are not restricted to geometric problems. Both are 
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related to the workers' locations, anchor visibility, temporary construction facilities, and the worker's distance 
from a hazardous region. The corrected noisy coordinates will still be interpretable for site managers' alerts if 
the feature channels are stored separately before adaptive recalibration in the model. 

Some Deficiencies Remain. The dataset is simulated, and real construction projects may have more anchor 
failure types, weather effects, signal reflections, helmet mounting variations, battery degradation, worker 
behaviour differences, and daily route changes. Future deployment will add long-term field data, site-specific 
calibration, anchor relocation tests, visual verification, equipment movement integration, map updates and 
privacy-preserving management rules. The above extensions are required before the system can be used for 
actual smart construction safety monitoring in a controlled position-correction experiment. Different site layouts, 
anchor positions, work routes and daily schedules will change the reliability of the learned correction model 
otherwise. 
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