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Abstract

Workplace injury is largely caused by failure to comply with personal protective equipment (PPE) requirements and by
violations of work procedures. This paper investigates the use of computer vision methods for the automatic detection of such
violations from the video stream of industrial cameras. An information system is proposed and implemented whose core is a
fine-tuned YOLOV5 convolutional neural network detector. The system not only records the presence or absence of a safety
helmet and a high-visibility vest on a worker but also recognizes a dangerous action — climbing into the bed of a truck without
a step ladder — which requires accounting for the spatial context of the scene. The decision logic is formalized as an
interpretable safety-violation factor that combines per-object detection confidences, the spatial relations among the worker, the
protective items and the vehicle, and the temporal evidence accumulated along object tracks. A Kalman filter is employed for
robust object tracking across frames and for smoothing trajectories, and detected violations are automatically compiled into
reports. The composition of the training set, the classes of recognized objects, the data preparation and versioning procedure,
the training parameters, and the quality-assessment metrics are described. An example of the system operating in an active
production workshop is presented, and the limitations of the approach — related primarily to the volume and resolution of the
training data — are discussed.

Keywords: computer vision, object detection, YOLOV5, convolutional neural networks, occupational safety, personal
protective equipment, video analytics, Kalman filter, violation monitoring, safety-violation factor, industrial safety.
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AHHOTanus

TpaBmbl Ha paboueM MecTe B 3HAUMTE/NBLHOM CTelleHM 0Oyc/IOB/eHbl HecoOsofieHreM TpeOoBaHHI K CpeAcTBam
WMHAMBHyanbHOH 3amuThl (CM3) 1 HapyllleHUsIMH TeXHOJIOTMUecKUX Tpolieflyp. B faHHoOl cTaThbe McciefiyeTcs pUMeHeHe
MeTOZ[0B KOMIIbIOTEDHOTO 3peHHMsl [ijIsi aBTOMaTHuecKoro oOHapy)KeHUsl TakMX HapylleHWH Ha OCHOBe BHJEOTPaHC/ISLUU C
TIPOMBIIIIEHHBIX Kamep. [IpeanokeHa M peanu3oBaHa HWH(OpPMaL[MOHHAsh CHCTeMa, SPOM KOTOpPOM SIB/ISIETCS TOHKO
HAaCTPOEHHBIN [eTeKTOp Ha OCHOBe CBepTOYHOW HeiipoHHO#M ceth YOLOVS. Cucrema He TOMBbKO (MKCHUPYET Ha/IMUuHMe WM
OTCYTCTBHE 3aIlUTHON KaCKM U CBETOOTPAXKAFOLIEr0 JKUIeTa y pabOTHHKA, HO ¥ PAaCIO3HAET OrMacHoe JeHCTBIe — BXOXKIEHHUEe
B KY30B I'Dy30BHKa 0€3 MCMO/b30BaHUsI CTPEMSIHKA — UTO TpPeOyeT yueTa MPOCTPAHCTBEHHOTO KOHTEKCTa CLeHbI. JIorvka
TIPUHSTHSL pellleHui (opMany3oBaHa B BH/e WHTePIIpeTHpyeMoro Ko3(d¢uiMeHTa HapylleHUsl TeXHUKA 0e30racHOCTH,
KOTOpbIH 00beAnHseT K03((ULEeHTh! J0CTOBEPHOCTH 00HApY)KeHUsI AJIs KaKA0r0 00beKTa, IIPOCTPAHCTBEHHbIE OTHOLIEHUS
MeXy pabOTHHUKOM, CpefCTBaMH 3allMTbl U TPaHCIOPTHBIM CPEACTBOM, a TaKKe BpeMeHHble JaHHble, HAKOIUIEHHbIE I10
TpaeKTOpUsIM 00BeKTOB. [/ HaZ&KHOTO OTC/IeXKHUBAaHUSI 0OBEKTOB MEXK/Y KaJjpaMH U CITIXKUBAHHsI TPAEKTOPHIA UCIIO/b3yeTC sl
¢uneTp KanmaHa, a o6Hapy>KeHHbIe HapylleHHs] aBTOMaTHUeCKu COOMparoTcsl B OTUéThl. OMUCHIBAOTCS COCTaB 0bOyuaroiiero
Habopa, K/1acchl pacro3HaBaeMbIX 0OBEKTOB, TIPOLieAypa TIOATOTOBKHY JAHHBIX U YIIPABIE€HUS] BEPCUSMH, MTapaMeTpbl 00yueHus],
a TakXKe METPUKH OLIeHKU KauecTBa. [IpUBOAUTCS TiprMep paboThl CHCTEMEI B A€HCTBYIOIIEM TIPOMBIIIJIEHHOM LIeXe, a TakKe
06CYXAl0TCA OTpaHWYeHHs] AaHHOTO TIOJXO[d, CBSI3aHHBIE B TEPBYIO Ouepeqb C 00BEMOM M pa3pellieHreM 00yJaroIux
JIAHHBIX.

KnroueBble ci0Ba: KOMIIBIOTEpHOE 3peHHe, oOHapyxeHHe o0bekToB, YOLOV5, cBepTOUHble HeHpOHHBIE CEeTH, OXpaHa
TpyAa, CpefCTBa WHAWBH/Ya/JbHON 3alllUThl, BHJeOAHaIUTUKA, GWILTP KanmaHa, MOHUTOPMHI HapylleHWH, (akTop
HapyLleHUs: TEXHUKH 6e301acHOCTH, TPOMBILUIeHHast 6e301acHOCTb.
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Introduction

Workplace injury remains a pressing problem, and a significant proportion of accidents at enterprises is associated with
workers neglecting personal protective equipment (PPE). This proportion can be reduced by a system that would monitor PPE
use in real-time and record violations. The present work is devoted to the development of such a system.

A substantial share of industrial accidents is preventable and is caused not by equipment failure but by the human factor —
a refusal to wear a safety helmet or a high-visibility vest, a breach of the procedure for loading operations, or the neglect of
step ladders and guard rails. Traditional monitoring of occupational-safety compliance relies on periodic walk-throughs and the
selective review of surveillance recordings; that is, it is episodic in nature and does not allow a response to a violation at the
moment it occurs. Meanwhile, the ubiquity of video-surveillance systems and the maturity of deep-learning algorithms create
the preconditions for continuous automatic monitoring capable of detecting violations in real time and thereby reducing the
risk of injury.

Almost every production process involves the use of PPE, and enterprises build entire sets of measures to ensure
occupational-safety compliance. Nevertheless, some workers neglect these requirements and fail to put on a high-visibility vest
or a helmet. A typical situation is telling: in order to load a part more quickly, a person climbs into the truck bed straight from
the ground instead of positioning a ladder as the rules prescribe. The price of such liberties is injuries and accidents, so
detecting them in a timely manner is fundamentally important.

The system is written in Python and uses a convolutional neural network detector of the YOLOV5 family, fine-tuned to the
conditions of a specific enterprise by means of transfer learning: weights pretrained on a large publicly available image set are
taken as the starting point, after which the network is adapted to the target classes on the enterprise’s own data. The choice of
the YOLO family is dictated by its combination of high-speed and acceptable accuracy: these models perform well in
recognition tasks in manufacturing, transport, and other domains where a decision must be made without delay.

The aim of this work is to investigate computer vision methods as applied to the task of automatically detecting
occupational-safety violations and, on this basis, to develop a workable video-analytics system. To achieve this aim, the
following tasks were addressed: a comparative analysis of modern object-detection architectures and a justification for the
choice of base model; the creation and annotation of a dataset reflecting characteristic situations of a production workshop;
fine-tuning of the detector model on the target classes; implementation of a mechanism for tracking objects across frames;
organization of the automatic logging of detected violations; and assessment of the quality of the resulting solution.

Most existing systems for monitoring personal protective equipment treat the task as the per-frame detection of isolated
objects and reduce a violation to the mere absence of a bounding box, without a formal rule that turns the detector outputs into
a decision and without explicit treatment of the temporal instability of those outputs. The scientific novelty of this work is
accordingly twofold. First, a formalized model of the safety-violation factor is proposed: the factor is an interpretable scalar
variable that maps the raw detector outputs — class labels, bounding boxes and confidence scores — into a graded measure of
danger by combining a confidence criterion, the pairwise spatial relations among the worker, the protective items and the
vehicle, and a recursive temporal aggregation of the evidence along an object track. The model supplies a reproducible
decision rule with explicit, tunable parameters in place of ad hoc heuristics, and it is what enables the system to recognize not
only the presence or absence of individual protective items but also a dangerous action defined by the spatial context of the
scene — a worker climbing into the bed of a truck without a step ladder. Second, a complete and reproducible technological
pipeline is built around this model — from versioned data preparation and detector fine-tuning to track-level violation scoring
and the automatic generation of reports — adapted to the conditions of a specific enterprise.

Review of existing approaches

Modern object detectors are commonly divided into two-stage detectors, in which candidate regions are first generated and
then classified, and one-stage detectors, which perform localization and classification in a single pass of the network. For real-
time systems, processing latency is critical, so it is precisely the comparison of these two approaches that determines the choice
of architecture.

Among object-detection approaches, the R-CNN family with its modifications and the YOLO algorithm stand out. The
original R-CNN first selects candidate regions by selective search and then classifies each of them. This two-stage scheme
rests on a fixed selection algorithm and proves too slow for real-time operation.

Fast R-CNN removes the principal source of latency: the entire image passes through the convolutional network only once,
and candidate regions are projected onto a shared feature map by the Rol Pooling operation, so that the convolution for each
region is no longer recomputed [1].

Faster R-CNN goes further and abandons slow selective search altogether: candidate regions are now proposed by a
trainable region proposal network (RPN) [2], which markedly accelerates both the localization and the classification of objects.

YOLO is among the fastest detectors: the entire scene is analyzed in a single pass of the network, without a separate
region-generation stage. The comparison in [3], [4], [5], [6] confirms YOLO’s advantage in speed at a comparable recognition
quality — and it is precisely this algorithm that underlies the violation-monitoring system being developed.

The YOLO family has continued to develop well beyond the version used here. Recent releases move the accuracy—
latency frontier through contrasting design philosophies. YOLO12 (2025) adopts an attention-centric architecture, introducing
an area-attention mechanism and residual efficient layer-aggregation networks that raise detection accuracy at a comparable
parameter budget, at the cost of heavier memory use on the central processor [7]. YOLO26 (2025) instead pursues a
deployment-oriented, end-to-end design: it dispenses with non-maximum suppression and with the distribution focal loss and
adds training refinements — progressive loss balancing and small-target-aware label assignment — aimed specifically at small
objects, while reportedly reducing processor inference time by up to 43% relative to the preceding generation [8]. Because the
protective items in the present task are exactly such small and variable objects, these newer architectures are directly relevant;
a quantitative comparison with them is given in the discussion below.
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Proposed method

3.1. Architecture and training of the YOLOV5 network

The basic YOLOVS5 architecture follows the “backbone — neck — head” principle: the backbone extracts image features,
the neck aggregates them at several scales, and the head produces the final predictions. Having received an image, the network
builds feature maps at several scales and connects the levels to one another via skip connections [9]. The maps are then brought
to a common resolution (upsampling) and merged into a shared representation, from which the class and the bounding-box
position are determined for each prediction. Redundant boxes that repeatedly cover the same object are eliminated by non-
maximum suppression — the box with the higher confidence is retained [10], [11], [12].

YOLOVS itself is a modern detection model implemented in the PyTorch framework [13]. It is based on a mathematical
apparatus that predicts the coordinates and dimensions of object bounding boxes; the hidden layers employ the SiLU activation
function, also known as Swish [14].

For each potential box, the network outputs five numbers — the center coordinates x and y, the width, the height, and the
confidence (objectness) score [15] — as well as a vector of probabilities that the box belongs to each of the recognized classes.
Training is guided by a loss function [16]: the total loss is the sum of three terms — the classification error, the objectness error
(the presence of an object), and the localization error [17], [18].

Two engineering decisions noticeably affected the training quality of this model. The first is the Focus input layer, which
in YOLOV5 replaced the starting block of several convolutions used in earlier versions [19]. It regroups neighboring pixels into
channels, thereby reducing the number of operations and the consumption of video memory and making the forward and
backward passes faster with almost no loss in mAP [20]. The second is the revised formula for predicting box centers: the
normalized offset now spans not the interval 0...1 but —0.5...1.5 [21]. As a result, a box center can fall exactly on a cell
boundary, which improves the detection of objects at the very edges of the frame [22].

3.2. Dataset and violation classes

The training set was formed from surveillance frames typical of a production workshop: workers with and without
protective clothing, freight vehicles, loading and unloading operations, background equipment, and stored parts. The following
object classes were annotated: worker, safety helmet (helmet), high-visibility vest (vest), truck (kamaz), and a dangerous action
— climbing into the truck bed without a step ladder (no_stairs). The violation-detection logic is built on relating these classes:
if a tracked worker is not associated with a helmet or vest detection, a PPE-use violation is recorded; and if the worker’s region
coincides with the truck bed in the absence of a ladder, a violation of the work procedure is registered.

All images were obtained from the enterprise’s own stationary surveillance cameras rather than from public collections, so
the set reproduces exactly the viewing geometry in which the system is intended to operate. The recordings were made by three
fixed IP cameras with a native frame resolution of 1920x1080 pixels, mounted at a height of four to six meters and inclined at
25-40 degrees to the horizontal; frames were extracted from the recordings at intervals of at least two seconds and screened for
near-duplicates, so that the set does not contain adjacent frames of one and the same scene. The distance from a camera to a
worker ranges from about five to twenty-five meters, at which a helmet or a vest occupies from roughly ten to fifty pixels
along its larger side in the source frame and becomes smaller still after scaling to the network input — this viewing geometry is
the root of the difficulty of the small classes discussed below. The shooting conditions span the day and evening shifts: the
workshop is lit by overhead luminaires at all times, daylight from the gates and the window strips is added during the day shift,
and the set deliberately includes backlit scenes against open gates, glare on metal surfaces, and shadows cast by the equipment.
A typical frame contains from one to four workers, often partially occluded by machinery, stored parts, or the sides of the truck
bed; the clothing worn under the vest varies with the season, which adds appearance variability to the worker class.

The distribution of the images and of the annotated object instances over the classes is summarized in Table 1. The
imbalance visible there is a property of the domain rather than of the sampling: a worker is present in almost every frame and
is often not alone; protective items are somewhat rarer, because it is precisely their absence that constitutes a violation of
interest; the truck appears only in loading scenes; and the dangerous action no_stairs is rare because the violation itself is rare,
and staging it deliberately for the camera was ruled out for safety reasons. The remaining frames without people serve as
background examples that reduce false positives. The set was divided into training and validation subsets in a fixed 4 : 1
proportion — 800 and 200 images — with stratification by the rarest class, so that the share of no_stairs instances in the
validation subset matches its share in the set as a whole; frames extracted from the same recording were always assigned to the
same subset, which prevents near-identical scenes from leaking across the split. Table 1 also makes the connection with the
per-class quality metrics explicit: the best-recognized class (kamaz) is a large, low-variability object, whereas the weakest
(no_stairs) combines the smallest number of examples with the highest variability of pose and viewpoint.

Table 1 - Composition of the dataset: images and annotated object instances by class

DOI: https://doi.org/10.60797/IRJ.2026.170.51.1

Class Images with the Instances, training |Instances, validation Share of instances,
class %
Worker (worker) 962 1684 428 37.0
Helmet (helmet) 874 1198 306 26.3
Vest (vest) 843 1114 283 24.5
Truck (kamaz) 517 414 103 9.1
Clgé‘é?rngl (‘)V_I;{l;‘rls)a 178 142 36 3.1
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Class Images with the Instances, training |Instances, validation Share of instances,
class %
Total 1000 4552 1156 100.0

Note: as a rule an image contains objects of several classes at once, so the image counts do not sum to the size of the set

Data preparation is split off into a separate step that precedes training [11]. The corresponding script downloads the set
locally, validates it, and registers it in the Weights & Biases (W&B) service as a versioned artifact, while also generating a
configuration file for training. This approach ensures the reproducibility of experiments: each version of the data and
configuration corresponds unambiguously to its own training result. This step does not train the model itself — it only prepares
the data and the configuration [3].

The model was trained on the set prepared in this way [12]: the 1000 images described above were used at an input
resolution of 416 pixels, training ran for 200 epochs, and it took roughly six hours. To improve generalization, augmentation
techniques standard for YOLOV5 were applied to the training subset — the mosaic composition of several images and changes
to photometric parameters (brightness, contrast, hue) — which expand the variability of scenes without additional annotation.

3.3. Object tracking and formalization of the safety-violation factor

To track objects robustly from frame to frame and to smooth their trajectories, a Kalman filter was added to the system. It
is called linear because its state and measurement models are specified by linear relationships, and each new estimate is
constructed recursively — from the previous estimate and the fresh measurement supplied by the detector [18]. Tracking
makes it possible to link detections of the same object across consecutive frames, to filter out brief false positives, and to
attribute a violation robustly to a specific worker rather than to an individual frame.

We now formalize the violation-detection logic outlined above. At each frame t the detector returns a set of detections; an
individual detection is a triple d = (c, b, s) consisting of a class label c, a bounding box b and a confidence score s. We write P
with a class superscript for the subsets of detections that are helmets (H), vests (V), the dangerous action no_stairs (A) and
trucks (T), and we denote a tracked worker by w. The spatial relation between two boxes is measured by their coverage:
area(b;Nb,)

cov (by, by) = area(h) 1)

which gives the fraction of the area of the first box that lies inside the second; unlike the symmetric intersection-over-
union, this asymmetric quantity is the natural measure of a containment relation, such as a small helmet box lying inside a
larger worker box. A protective item of class k — a helmet or a vest — is regarded as belonging to the worker when its
detection is sufficiently confident, sufficiently contained in the worker region, and geometrically plausible:

a (w,p)=1[s, >7,|-1[cov (b, b,) =0, g (b, b,) @)

Here 1 and 0 are the per-class confidence and coverage thresholds, and the geometric-consistency term equals one when
the centroid of the item lies in the expected sub-region of the worker box — the upper part for a helmet, the torso region for a
vest — and zero otherwise. The presence of a helmet and of a vest for the worker at frame t is then the best associated
detection of each:

h(w) = max e pr ag(w,p), v(w)= max ¢ pv ay (w, p) 3)

with the maximum over an empty set defined as zero, so that a zero value signals a missing item. The dangerous action is
contextual: a no_stairs detection is counted only when it is at once attached to the worker and co-located with a vehicle, which
expresses the requirement that the worker be climbing into a truck bed rather than merely standing beside it:

n,(w) = Max ¢ pa (1 [s, > 74] - 1[cov (b,.b,) > 6,] - max, pr 1 [cov (by. by) = Breq ]) (4

where 1 and 0 are again confidence and coverage thresholds; a value of one marks a procedural violation associated with
the worker at that frame. These indicators are combined into an instantaneous safety-violation factor for the worker at frame t:

o (w) = A (1 = h(w)) + Ay (1 — 0,(W)) + Agn, (W), Ay + Ay + Ay =1 (5)

in which the non-negative severity weights A express the relative danger of a missing helmet, a missing vest and an unsafe
climb, normalized to sum to one, so that the factor lies between zero and one. It is therefore an interpretable, graded measure:
zero when the worker is fully compliant, and approaching one as several severe violations occur together.

A decision taken on a single frame would inherit the instability of the detector, whose safety-critical classes attain only
moderate confidence, as the per-class metrics show (Table 2). The track produced by the Kalman filter links the detections of
one worker across successive frames and so lets the evidence be accumulated rather than judged frame by frame. The factor is
aggregated along the track by an exponential moving average, written in the same recursive form as the filter itself:

O,(w) =y®,_1(w) + A =y (w), vy €[0,1) (6)

where the smoothing coefficient y governs the memory of the estimate: larger values suppress brief false detections more
strongly but react more slowly to a genuine violation. A violation is registered when the aggregated factor exceeds a decision
threshold:

Vi(w) =1 [®,(w) > O] 7)
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optionally with the additional condition that this hold over a minimum number of consecutive frames, which removes
residual flicker.

The formulation makes the behavior of the system explicit and reproducible. Its only free parameters — the confidence
and coverage thresholds, the severity weights, the smoothing coefficient y and the decision threshold ® — each carry a clear
operational meaning, and in this work they were fixed on the validation subset: the confidence thresholds at the values that
maximized the per-class F-measure, and the smoothing and decision thresholds so as to balance missed violations against false
alarms on the held-out recordings. Because the factor is a single scalar computed from quantities that the detector already
produces, the same decision rule transfers without modification to a stronger detector; only the confidence thresholds need to
be recalibrated.

Experimental evaluation

4.1. Quality-assessment metrics

The detector’s quality was assessed using metrics common in detection tasks. Precision indicates the proportion of correct
detections among all detections, recall indicates the proportion of detected violations among all those present, and their
generalization is the mean average precision (mAP), computed at a box-overlap threshold of IoU = 0.5 (mAP@0.5) and
averaged over the range of thresholds 0.5...0.95 (mAP@0.5:0.95). The system’s suitability for real-time operation is
characterized by the number of frames processed per second (FPS). The values of these metrics by class are given in Table 2.

Table 2 - Detection quality metrics by class

DOI: https://doi.org/10.60797/IRJ.2026.170.51.2

Class Precision Recall mAP@0.5
Helmet (helmet) 0.79 0.68 0.72
Vest (vest) 0.77 0.66 0.70
Truck (kamaz) 0.92 0.89 0.91

Climbing without a ladder
(no_stairs)

All classes 0.80 0.70 0.74

0.71 0.58 0.63

4.2, Results in a production environment

The system’s performance was tested on video recordings made in an operating production workshop. An example of a
recognized scene is shown in Figure 1: the system highlights workers wearing high-visibility vests and helmets, identifies the
truck, and interprets climbing into its bed without a step ladder as a violation.

05/06/2026 09:55:11

. kamaz 0.74

Figure 1 - Detection of a violation: climbing into a KamAZ truck bed without a ladder
DOI: https://doi.org/10.60797/IRJ.2026.170.51.3

In the frame shown, the truck is detected with a confidence of 0.74, whereas the dangerous action (no_stairs), the high-
visibility vest, and the helmet received noticeably lower scores — about 0.30...0.32. Such a gap is to be expected: a large,
high-contrast, weakly variable object (the truck) is recognized more confidently than small classes or classes that vary in
appearance — items of equipment and a person’s posture — especially at a distance from the camera and under partial
occlusion by other objects.

The low confidence values for the classes that are central to occupational safety point to the main limitation of the current
version — the moderate size of the training set (on the order of a thousand images) and the comparatively low input resolution
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(416 pixels). Both restrict the network’s ability to distinguish small details of equipment in a complex, object-dense scene.
Improvements in quality can be expected from expanding and balancing the dataset across classes, increasing the input
resolution, and applying more capacious network configurations while maintaining acceptable performance.

Object tracking with a Kalman filter smooths the results across frames and reduces the influence of individual missed
detections: even if a helmet or vest is not recognized in a particular frame, a stable worker track prevents the false registration
of a violation, while the accumulation of evidence over a series of frames, conversely, increases the reliability of recording an
actual violation.

Having recorded a violation, the system automatically generates a report that includes the frame from the moment of the
violation and its type — the absence of a helmet or vest, climbing into a truck bed without a ladder, and the like. The result of
recognition thus becomes not merely an annotated frame but a document suitable for further review, which can be used by the
enterprise’s occupational-safety service.

When working with a video stream, processing is expected in a near-real-time mode, with an average performance on the
order of 30 frames per second.

4.3. Comparison with modern detector architectures

The moderate accuracy of the safety-critical classes reported above is in part a property of the YOLOV5 detector adopted
for this study, and it is therefore useful to set that choice against the current state of the art. Table 3 collects the detection
accuracy reported in the literature for the original YOLOV5 and for two recent detectors — the attention-centric YOLO12 and
the end-to-end YOLO26 — on the public COCO benchmark.

Table 3 - Detection accuracy reported in the literature on the COCO val2017 benchmark
DOT: https://doi.org/10.60797/IRJ.2026.170.51.4

Detector Year Detection paradigm mAP@0.5:0.95, %
YOLOV5-s 2020 anchor-based CNN, NMS 37.4
YOLOV5-m 2020 anchor-based CNN, NMS 45.4
YOLO12-s 2025 attention-centric, NMS 48.0
YOLO12-m 2025 attention-centric, NMS 52.5
YOLO26-s 2025 end-to-end, NMS-free ~47.2
YOLO26-m 2025 end-to-end, NMS-free ~51.5

Note: mAP@0.5:0.95, 640-pixel input; the YOLOZ26 figures are approximate values reported by the model developers

Two observations follow. First, the figures in Table 3 are not directly comparable with those of Table 2: they are obtained
on a different dataset of eighty general-purpose classes and at a stricter, averaged-IoU threshold, whereas Table 2 reports
mAP@0.5 on roughly a thousand domain-specific images. The comparison, therefore, concerns the relative capability of the
architectures, not the accuracy attainable on the present task. Second, within that comparison, the advantage of the newer
models is large and systematic: at a comparable model size the small YOLO12 model exceeds the original YOLOVS5 baseline
by more than 10 percentage points of mAP (48.0 against 37.4), and the small and medium YOLO26 models reach a similar
level while additionally dispensing with non-maximum suppression and with the distribution focal loss and reducing processor
inference time by up to 43% [7], [8].

These properties bear directly on the limitation identified earlier. The weak classes in this study are the small protective
items, and the small-target-aware training of YOLO26 together with the higher accuracy of YOLO12 address exactly that
weakness, while the faster, suppression-free inference of YOLO26 suits the near-real-time, edge-oriented deployment intended
here. Replacing the detector with one of these architectures and re-evaluating it on the enterprise dataset under the protocol of
Table 2 is consequently the most promising next step; it is left to future work because it requires re-annotation and re-training
on the target classes rather than the reuse of published weights. It must be stressed that the values in Table 3 are reproduced
from the literature and were not measured on the data of this study, and that the decision model formalized above is
independent of the detector and would carry over unchanged to any of these networks.

Conclusion

This work investigated computer vision methods as applied to the detection of occupational-safety violations and
implemented an information system that analyzes the video stream from cameras, monitors safety compliance, and compiles
violations into reports. Its core is the YOLOV5 detector model, fine-tuned for the needs of a specific enterprise [23].

The principal contribution of the work is a formalized model of the safety-violation factor — an interpretable scalar that
maps the detector outputs into a graded, track-aggregated decision through explicit spatial and temporal criteria — which
replaces ad hoc heuristics with a reproducible rule governed by a small set of tunable parameters. It is this model that allows
the system to recognize not only the presence of personal protective equipment but also a dangerous action defined by the
spatial context of the scene. A further distinctive feature is the integrity of the technological pipeline: versioned data
preparation, detector fine-tuning, track-level violation scoring with a Kalman filter, and the automatic logging of violations.

The results obtained confirm the fundamental viability of the approach and, at the same time, outline directions for its
development. The main reserve for improving quality is associated with increasing the volume and diversity of the annotated
data, raising the input resolution, and fine-tuning the decision thresholds; the addition of new violation classes and the
integration of the system with the alerting facilities already in operation at the enterprise also appear promising. A comparison
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with current architectures indicates that the clearest route to higher accuracy on the small, safety-critical classes is to replace
the YOLOVS5 detector with a more recent network — the attention-centric YOLO12 or the end-to-end, small-target-oriented
YOLO26 — and to re-evaluate it on the enterprise dataset; since the proposed safety-violation factor is defined over generic
detector outputs, such a substitution leaves the decision model itself unchanged.

The practical significance of the work is that the proposed solution can be embedded into existing video-surveillance
infrastructure and applied across a wide variety of industries — from metalworking and construction to transport and
warehouse logistics — where compliance with occupational-safety requirements is critically important.
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