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Abstract. Computer vision-based safety monitoring often focuses on PPE 

compliance, but operational risk is gradual, spatial, temporal, and context-dependent. 

This work proposes an interpretable hierarchical risk-scoring system that integrates 

YOLOv11-based PPE detection, regions of interest, homography-based spatial 

correction, and zero-order Sugeno-Takagi fuzzy inference. Seven observable 

components are considered: weighted PPE compliance, critical PPE absence, 

homography-corrected ROI proximity, dwell time, machinery severity, local density, 

and movement intensity. These variables are aggregated into protection deficit, 

hazard exposure, and operational context to estimate instantaneous and temporally 

smoothed risk scores in [0,100]. The pilot validation was conducted in a university 
manufacturing laboratory using 1,611 PPE images, ROI activation tests, and six 

controlled scenarios. YOLOv11 achieved mAP@0.5=0.886; homography reduced 

activation errors by up to 93.1%. The proposed approach should be understood as an 

online-compatible decision-support tool for safety supervision and training, rather 

than a replacement for institutional safety protocols or comprehensive occupational 

risk assessment. 
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1. Introduction 

Industrial safety requires monitoring mechanisms capable of identifying risk conditions before they escalate into incidents. 

Industrial spaces bring together machinery, bounded operating areas, the movement of people, changes in lighting, and the 

mandatory use of personal protective equipment (PPE). Although human supervision remains indispensable, its continuous 

application can become limited when multiple work areas, visual occlusions, shifting activities, and users with varying levels 

of experience in operating machinery coexist. 

Computer vision has been used as a supporting tool in safety monitoring tasks, particularly through the automatic detection 

of people and PPE. In addition, detection models such as YOLO have proven useful in surveillance and protocol compliance 

verification applications, owing to their ability to operate in near real time. However, this perspective is insufficient to 

represent operational risk, since a person wearing partial PPE does not face the same level of risk when standing far from a 

machine as when standing near a hazardous region or inside a high severity operating zone. 

Beyond PPE compliance, the location of the person within the environment is a decisive factor. Regions of interest (ROIs) 

make it possible to computationally represent risk zones associated with machinery or operating areas; nevertheless, 

evaluating them directly on the image can produce errors when the camera perspective creates visual overlap between a person 

and a hazardous zone. Under these conditions, a person may appear to be inside a ROI without physically occupying the risk 

area. For this reason, geometric correction through homography becomes relevant, as it projects each person's support point 

onto an approximate top-down plane and improves the spatial consistency of the assessment. 
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Even with visual detection and geometric correction, risk cannot be adequately estimated through rigid thresholds. Safety 

conditions are gradual and uncertain: PPE compliance may be partial, proximity to the hazardous zone may vary, dwell time 

may accumulate over time, and the operational context may change due to the density of people or rapid movement. In this 

sense, fuzzy logic offers a suitable strategy to integrate heterogeneous variables and produce a continuous, interpretable score. 

In particular, zero order Sugeno-Takagi systems allow efficient numerical outputs to be obtained while preserving traceability 

over the activated rules. 

Building on the above, this work proposes a hierarchical fuzzy risk scoring system for industrial safety monitoring in a 

university manufacturing laboratory, used as a controlled pilot environment. The proposal integrates person and PPE detection 

through YOLOv11, the association of protective elements per person, the delimitation of regions of interest, spatial correction 

through homography, and a hierarchical fuzzy inference system. The model computes three intermediate dimensions: 

protection deficit, hazard exposure, and operational context. These dimensions are then aggregated through Sugeno-Takagi 

rules to produce an instantaneous risk index and a temporally smoothed version. 

The main contribution of this work is a hierarchical, interpretable, and traceable system for continuous risk scoring based on 

a fuzzy architecture that operationalizes the multifactorial nature of industrial risk from visual, geometric, temporal, and 

contextual variables, integrating seven analysis components: 1) weighted PPE compliance; 2) absence of critical elements; 3) 

proximity to regions of interest projected through homography; 4) dwell time in risk zones; 5) severity associated with the 

machinery; 6) local density of people; and 7) speed or movement intensity. This integration yields a more informative score 

and facilitates the interpretation of the conditions that increase risk. 

The study is carried out in a university manufacturing laboratory because this environment allows conditions relevant to 

operational safety to be evaluated in a controlled manner, such as machinery, delimited zones, user movement, variation in 

PPE compliance, proximity to risk areas, and dwell time within supervised regions.  

The experimental evaluation was conducted using a proprietary PPE dataset, ROI activation tests with and without 

homography, and six controlled scenarios designed to represent low, moderate, high, and critical risk conditions. The results 

make it possible to analyze the performance of the visual detector, the usefulness of geometric correction, and the consistency 

of the fuzzy response to changes in protection, exposure, and operational context. 

2. State of the Art  

The review of the state of the art is organized around three complementary axes: 1) PPE detection and verification systems 

based on computer vision; 2) contextual, spatial, and operational analysis for risk assessment; and 3) fuzzy scoring systems 

and interpretable risk indices. 

First, computer vision assisted occupational safety has become a relevant topic across different settings, particularly in 

construction and industry, where continuous human supervision may prove limited or insufficient. Recent research has noted 
that digital technologies applied to safety improve detection capability, event traceability, and early response to hazardous 

conditions (Dodoo et al., 2024). Along these lines, computer vision stands out for its ability to operate on video streams from 

surveillance cameras and to extract useful information about people, objects, trajectories, and environmental conditions (Li 

et al., 2026). 

One of the most actively developed fields has been the monitoring of PPE compliance. Vukicevic et al. (2024) present a 

systematic review of computer vision systems applied to PPE compliance in industrial practice, identifying significant 

advances in the automatic detection of helmets, vests, gloves, glasses, and other safety items.  

More specifically, work on PPE compliance has shown important progress through deep learning architectures, mainly models 

derived from YOLO, Faster R-CNN, and real time detection approaches (Rasouli et al., 2024; López et al., 2025). Iannizzotto 

et al. (2021) explore the combination of deep neural networks and fuzzy logic for PPE detection on embedded devices, 

showing that the relationship among deep learning, PPE, and fuzzy logic has already been considered in the literature, 

primarily to strengthen the visual decision. 

Although these studies differ in architecture, experimental domain, or type of PPE evaluated, they share a common idea: 

transforming manual visual inspection into an automated system for compliance verification. This shows that automatic PPE 

detection is a well-established line of work; however, its main objective usually remains verifying compliance or identifying 

the absence of specific protective elements. 

The second axis corresponds to contextual, spatial, and operational analysis for risk assessment. In safety monitoring systems, 

the actual level of exposure depends on where events occur, on dwell times, and on the dynamics between people and 

machinery in the environment. For this reason, regions of interest, exclusion zones, distance to machinery, dwell time in 
hazardous areas, zone severity, and the density and movement of people constitute relevant variables that complement PPE 

verification. 

From this perspective, approaches have been proposed for real time hazard recognition, monitoring of entry into hazardous 

areas, surveillance of restricted zones, and safety distance warning (Ayoubi & Arashpour, 2026; Tran et al., 2025). These 



García-Franco et al.  / International Journal of Combinatorial Optimization Problems and Informatics, 18(1) 2027, 32-49. 

 

34 

 

studies show that risk depends not only on the detected objects but also on the spatial relationships among workers, machinery, 

and operating zones.  

Spatial analysis has also been addressed through systems that combine visual detection with surveillance of restricted or 

hazardous zones. Toth et al. (2026) propose a modular computer vision approach for industrial safety, integrating PPE 

compliance monitoring with hazardous zone surveillance. Their system represents one of the closest precedents, although its 

output is oriented mainly toward detecting non-compliance and spatial violations. In turn, Li et al. (2026) develop a fast safety 

distance warning framework to detect proximity between people and hazardous devices during electrical construction 

operations, using oriented object detection, tracking, and distance estimation with a monocular camera.  

In a related manner, there is also evidence of the use of transformations to a planar map to visualize the proximity between 
workers and equipment, employing homography to represent safety related spatial relationships in a top-down view (Shin & 

Kim, 2022). Likewise, multi-camera detection and tracking approaches highlight the importance of preserving information 

about the location, trajectory, and dwell time of people in complex scenes (López-Cifuentes et al., 2022). 

Taken together, this prior work shows that spatial and operational analysis enriches the interpretation of risk, although many 

approaches are oriented mainly toward detecting intrusions, distance violations, or specific exposure events. 

The third axis corresponds to the use of fuzzy scoring systems and interpretable risk indices. In occupational safety, risk can 

rarely be adequately represented through strictly binary criteria, because heterogeneous, gradual, and uncertain factors are 

involved. Fuzzy logic makes it possible to model linguistic variables, incorporate expert judgment, and transform incomplete 

or ambiguous information into scores useful for supporting decision-making. 

Gürcanli and Müngen (2009) propose an occupational risk analysis method for construction sites based on fuzzy sets, aimed 

at handling the uncertainty associated with estimating probability, severity and safety conditions. Similarly, Ilbahar et al.  

(2018) develop an integrated approach for occupational health and safety risk assessment through a fuzzy analytic hierarchy 
process and a fuzzy inference system, combining criteria derived from traditional schemes, such as Fine-Kinney, with 

techniques capable of representing ambiguity and subjectivity.  

Ahmed et al. (2023) present an integrated approach for occupational health and safety risk assessment in small enterprises in 

Bangladesh, while Aziz et al. (2025) use fuzzy logic to estimate risk and precaution levels for explosive, flammable, and toxic 

substances. These works reinforce the suitability of fuzzy systems for representing gradual risk conditions in the presence of 

multiple variables and different levels of severity. 

The integration of visual perception and fuzzy inference has also been explored in safety applications related to collisions, 

moving objects, workspace management, and ergonomic assessment (Kim et al., 2016; Martínez et al., 2026). Likewise, 

predictive risk models in construction confirm the trend toward computational systems capable of combining multiple factors 

to anticipate or classify hazardous conditions (Sadeghi et al., 2020). 

Based on the previous review, the literature has advanced in three complementary directions: the automatic detection of PPE 
through computer vision, the contextual analysis of hazardous zones, and the construction of risk indices through fuzzy logic. 

Nevertheless, these components are usually addressed only partially. Some studies focus on verifying PPE compliance or 

improving the visual detection of protective elements; others prioritize identifying unauthorized entries, distance violations, 

or interaction with hazardous zones; and others build fuzzy indices from expert judgment, historical records, specific sensors, 

ergonomic conditions, or particular collision risks. 

In this regard, the present research is positioned at the intersection of these three axes. Its contribution is oriented toward 

articulating visual, spatial, temporal, and operational evidence within a hierarchical Sugeno-Takagi structure, in which risk is 

decomposed into intermediate dimensions of protection deficit, hazard exposure, and operational context. This organization 
makes it possible to integrate weighted PPE compliance, absence of critical elements, homography corrected proximity to 

regions of interest, dwell time, machinery severity, local density, and movement intensity to produce a continuous, 

interpretable, and traceable score of operational risk per person. 

3. Methodology  

The proposed system is structured as a hierarchical visual, spatial, and fuzzy analysis pipeline aimed at estimating operational 

risk per person inside a manufacturing laboratory. Accordingly, the system integrates computational perception, geometric 

correction, and fuzzy reasoning modules to convert visual observations into a continuous risk score. 

The methodology is organized into three main stages. The first corresponds to the extraction of visual and spatial evidence, 

where video frames are acquired, people are detected through YOLOv11, a support point is computed for each individual, 

that point is projected onto the top-down plane through homography, and its relationship with the regions of interest associated 

with machinery or hazard zones is evaluated. In this same stage, PPE elements are associated with each person in order to 

identify compliance, absence of critical elements, and visually relevant safety conditions. This stage produces the observable 

variables that feed the fuzzy system. 
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The second stage corresponds to the definition and fuzzification of the input variables, in which the evidence obtained from 

the video is transformed into membership degrees through triangular and trapezoidal functions. 

Finally, the third stage implements a zero-order hierarchical Sugeno-Takagi inference architecture, where three intermediate 

dimensions are computed: protection deficit, hazard exposure, and operational context. These dimensions are subsequently 

integrated into a final rule matrix to obtain the instantaneous risk index and its temporally smoothed version. 

With this organization, the system separates visual perception from risk inference, maintaining traceability among detections, 

generated variables, and the final score. 

 3.1 Visual and spatial evidence extraction 

This stage transforms each video frame into a set of observable variables that subsequently feed the fuzzy subsystems of 

protection deficit, hazard exposure, and operational context. 

Evidence extraction is organized into four functional blocks: 1) video capture and preprocessing; 2) person detection and 

support point estimation; 3) geometric correction through homography and evaluation of regions of interest; and 4) PPE 

association per person and estimation of contextual variables. The system was designed to operate both on near real time 

video and on previously recorded sequences. 

In particular, visual processing yields bounding boxes, support points, homography corrected positions, membership in or 

proximity to ROIs, PPE compliance, critical absence, dwell time, local density, and movement intensity. These variables do 

not constitute the final risk score; they represent the input evidence that will subsequently be integrated by the Sugeno-Takagi 

architecture. 

The system's process diagram, together with its input and output elements and the variables to be generated, which will be 

detailed in the following sections, can be seen in Figure 1. 

 
Fig. 1. Process diagram, inputs, outputs, and variables of the visual and spatial evidence extraction system. 

 

3.1.1 Video capture and preprocessing. 

The test environment corresponds to the manufacturing laboratory of the Universidad del Valle de Puebla (UVP), where 

operating zones associated with machinery such as a lathe, milling machine, electrode welder, and cutter are identified. Each 

zone is represented by a region of interest 𝐻𝑘  on the top-down plane of the laboratory and can be defined within the interface 
of the ROI delimitation program. The specifications of the video capture device, as well as of the video clips obtained for the 

tests, are reported (Table 1). 
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Table 1. Table of specifications of video equipment used for pilot tests 

Item Description / value to be reported 

Test Type Video and recorded footage  

Camera used USB 2.0 HD UVX WebCam 

Resolution 1280×720 px for recorded footage and 1920×1080 for video 

Average FPS 17-45 fps 

Total Video Length Samples from 60 to 90 secs 

Number of sequences 70 

Number of participants Approximately 5 per video  

ROI Zones Lathe, milling cutter, welding machine and cutter 

Observed conditions Lighting, occlusion, aisle transit, ROI permanence 

 

From the camera stream or recorded video, the system obtains frames F(t) and computes the temporal interval ∆𝑡 between 
consecutive frames. These two outputs are necessary to synchronize the subsequent stages of detection, tracking, dwell-time 

estimation, and speed computation. In this sense, the capture stage provides not only the input image but also the temporal 

reference on which the system's dynamic variables are computed. 

 

3.1.2. Person detection and support point 

 

In the stage of detecting people in the frame, the YOLOv11 image recognition model was used. This model was chosen for 

its ability to perform object detection in near real time, a necessary feature for continuous monitoring applications. 

For each identified person, the detector produces a bounding box, a class label, and a confidence value. For each frame F(t), 

the detector identifies the people present in the scene and marks them with a bounding box 𝐵𝑖(𝑡)  =  (𝑥1, 𝑦1, 𝑥2, 𝑦2); from it, 

a support point is computed, associated with the person's approximate contact with the ground plane. This point is defined as 

the lower center of the box and is used to evaluate the spatial relationship with the ROIs, as shown in Figure. 2. 

 
Fig. 2. Recognition of points 𝑥1 , 𝑦1 , 𝑥2 , 𝑦2 at the lower half of the bounding box (red, green) and their projection onto the ROI (purple). 

Adapted from (López-Cifuentes et al., 2022).   

 

Choosing the lower-center point avoids using the geometric center of the box, which may fall on the torso and fail to correctly 

represent the person's position on the floor. This decision is relevant for cameras with a pronounced perspective, where 

evaluating directly on the raw image can produce false ROI activations. 

 

3.1.3 Geometric correction through spatial homography. 

To reduce the errors arising from the perspective change between the real 3D environment and its dimensional reduction to a 

2D image, the system incorporates a homographic transformation of the ground plane.  

The homography is obtained from reference points selected in the laboratory, which belong to the dominant working plane.  
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These points allow a transformation matrix to be computed, through which each person's support point is projected from the 

original image onto an approximate top-down view. In this way, the spatial evaluation is not performed directly on the raw 

image, but on a plane where the relationships between people and risk zones are more consistent with the physical layout of 

the laboratory.  

This transformation is particularly important in situations where a person visually crosses in front of a machine or marked 

zone without actually occupying the hazardous area.  

On the other hand, the k-th regions of interest 𝐻𝑘 are defined as polygons on the top-down plane. The system computes their 

spatial relationship with each ROI through a point-in-polygon test. From this test, the signed distance 𝑑(𝑞𝑖(𝑡), 𝐻𝑘) and the 

proximity 𝜔𝑖(𝑡) to the ROI are obtained. These variables make it possible to represent the spatial relationship between each 

detected person and the risk regions defined on the top-down plane, reducing errors arising from the camera perspective. 

3.1.4 PPE association per person. 

PPE compliance is computed from the elements detected and associated with each person. This association is carried out from 

the person crops produced by YOLO and the direct detection of PPE classes performed in Roboflow, using a proprietary 

dataset of 1,611 images adjusted to the laboratory environment (Table 2). 

Table 2. Composition by number of dataset images 

PPE Number of images Train Valid Test 

Safety boots 637 441 127 69 

Gloves 352 287 40 25 

Safety Googles 400 274 81 45 

Lab Coat 115 80 24 11 

Face Shield 107 97 5 5 

Total 1611 1179 277 155 

 

The expected result is a binary variable 𝑑𝑖𝑗(𝑡), indicating whether element j was detected for person i at time t. This PPE 

association distinguishes between required elements and critical elements. This separation is necessary because the absence 

of a critical element, such as a helmet or gloves in certain zones, must affect the protection deficit more strongly than the 

absence of a conditional element. 

In addition to PPE association, the system estimates contextual variables from the people active in consecutive frames. The 

dwell time 𝜏𝑖(𝑡)is computed by accumulating the interval ∆𝑡 during which person (i) remains inside or near a ROI. The local 

density 𝜌𝑘(𝑡)  represents the concentration of people associated with a region 𝐻𝑘, normalized with respect to an expected 

maximum value. In turn, the speed or movement intensity 𝑣𝑖(𝑡) is obtained from the displacement of the projected point. 

3.2. Definition of variables and fuzzification functions. 

The second stage of the system takes the evidence gathered by the computational perception module to assign a risk score. 

Let F(t) be the video frame acquired at time t. For each person i, the system builds a dynamic state containing smoothed PPE 

compliance, dwell time in hazardous zones, last observed position, smoothed risk, and activated rules. The final risk score 

ri(t)  is modeled as a hierarchical function of three dimensions: 

 

ri(t)  =  Φ(Pi(t), Ei(t) , Ki(t)):    ri(t)  ∈  [0,100]. (1) 

 

 

Where Pi(t) denotes the protection deficit, Ei(t) the hazard exposure, and Ki(t) the operational context. The system is 

implemented as a composition of three first level fuzzy subsystems and a final second level fuzzy aggregator. Each dimension 

in turn has different sub-dimensions, where: 

 

𝑃𝑖(𝑡) = 𝜓𝑝(𝑐𝑖(𝑡), 𝑚𝑖(𝑡))  ∈ [0,1]. (2)   

Ei(t) =  𝜓𝐸 (𝜔𝑖(𝑡), 𝑠𝑘 , 𝜏𝑖(𝑡))   ∈ [0,1]. (3) 

Ki(t) =  𝜓𝐾(𝜌𝑘(𝑡), 𝑣𝑖(𝑡))  ∈ [0,1]. (4) 
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Where 𝑐𝑖(𝑡) denotes PPE compliance,  𝑚𝑖(𝑡) the absence of critical PPE, 𝜔𝑖(𝑡) proximity to the hazard zone, 𝜏𝑖(𝑡) dwell 

time in the hazard zone, s the hazard severity coefficient, 𝜌(𝑡) the congestion or crowding of the zone, and 𝑣𝑖(𝑡) the intensity 

of the movement recorded in the zone.  

3.2.1 Protection deficit 𝐏𝐢(𝐭)  

This dimension evaluates the instantaneous compliance of a set of protective elements; the definition of which elements are 

required and their criticality depend on the type of machinery located in the laboratory (Table 3). For the PPE compliance 

parameter 𝑐𝑖(𝑡), the set R is defined as the set of PPE elements required by institutional protocol, and 𝑤𝑗 > 0 is the criticality 

assigned to element j; the values assigned to 𝑤𝑗 (Table 4). 

Table 3 & 4. PPE matrix and its safety condition for each machinery available in the laboratory (left) and criticality weight 

associated with each PPE requirement condition 𝑤𝑗 (right) tables Source: Authors 

 

 

 

 

 

 

 

 

If 𝑑𝑖𝑗(t) ∈ {0,1} indicating whether element j was detected for person i at time t, then the instantaneous compliance is 

computed as: 

𝑐𝑖(𝑡) =
∑ 𝑤𝑗𝑑𝑖𝑗(t)𝑗∈𝑅

∑ 𝑤𝑗𝑗∈𝑅

(5) 

 

 

Thus, 𝑐𝑖(𝑡) = 1 implies full compliance and zero in the total absence of required PPE.  

On the other hand, for the parameter 𝑚𝑖(𝑡),  is defined as the objects classified as critical under the usage contexts of each 

machine, taking the value 1 when at least one element classified as critical for the current work zone is missing, and 0 

otherwise. 

3.2.2 Hazard exposure 𝐄𝐢(𝐭). 

For this dimension, the distances associated with each person are evaluated with respect to the plane of the ROIs, which are 
placed to delimit the working zones of each machine located in the laboratory; these ROIs are in turn defined through the 

homography associated with the laboratory floor plane. 

To carry out the normalized proximity analysis 𝜔𝑖(𝑡)  for each hazardous ROI zone 𝐻𝑘, a maximum reference distance 

𝑑𝑚𝑎𝑥(𝐻𝑘) is defined; likewise, a representative point 𝑞𝑖(𝑡)is assigned to each person, located on the top-down plane of the 

homography of 𝐻𝑘; membership and the signed distance to the contour are then evaluated through a PointInPolygon (PIP) 

test. If the observed distance 𝑑(𝑞𝑖 , 𝐻𝑘) is positive inside the polygon and negative outside it, the effective distance to the 

hazard 𝛿𝑖(𝑡)is defined as: 

𝛿𝑖(𝑡) = max[0, −𝑑(𝑞𝑖(𝑡), 𝐻𝑘)].            (6)  

 

Finally, the proximity is expressed as a bounded measure in [0,1], normalized from a maximum measured distance 𝑑𝑚𝑎𝑥(𝐻𝑘) 

in pixels on the top-down plane of the homography, defined by design and calibration of the system. 

𝜔𝑖(𝑡) =  𝑚𝑖𝑛 [
𝛿𝑖(𝑡)

𝑑𝑚𝑎𝑥(𝐻𝑘)
, 1] (7) 

 

To compute the dwell time 𝜏𝑖(𝑡)in 𝐻𝑘  a binary criterion 𝑏(𝑡) is defined indicating whether person 𝑖 is inside 𝐻𝑘  at time t; 

the accumulated dwell time 𝜏𝑖(𝑡) is updated incrementally and with decay memory when the worker leaves the zone: 

 

𝜏𝑖(𝑡) = {
𝜏𝑖(𝑡 − 1) + 𝛥𝑡 ∶  𝑏(𝑡) = 1

𝜆(𝑡) 𝜏𝑖(𝑡 − 1): 𝑏(𝑡) = 0
                                                                  (8) 
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Where 𝜆(𝑡) is the temporal memory factor that gradually reduces the accumulated persistence when the person leaves 𝐻𝑘, 

defined as: 

𝜆(𝑡) = 𝑒− 
𝛥𝑡
𝑇 (9) 

 

Where T is proposed as a memory window calibrated according to system conditions (T=5s, configurable), and the temporal 

interval 𝛥𝑡 is computed dynamically from the system clock 

𝛥𝑡 = 𝑡𝑎𝑐𝑡𝑢𝑎𝑙 − 𝑡𝑝𝑟𝑒𝑣𝑖𝑜𝑢𝑠 ≈
1

𝑓𝑝𝑠
(10) 

This allows dwell-time accumulation and speed computation to adapt to real variations in the processing rate, especially in 

scenarios where YOLO model inference and homography processing can modify the effective number of frames per second 

of the camera used.  

The severity 𝑠𝑘 is taken directly from the active ROI associated with the machine position and is constant depending on which 

working zone is active (Table 5), these active zones can be configures manually by the user in the interface. 

Table 5. Level of severity 𝑠𝑘 associated with each machine present in the laboratory 

Machine Value 𝒔𝑲 Machine Severity 

Lathe 
0.3 Low 

Milling Machine 

Electrode welder 0.7 Medium 

Cutter 0.9 High 
 

 

3.2.3 Operational context 𝑲𝒊(𝒕) 

This dimension seeks to define the situations surrounding people located near or inside the ROIs 𝐻𝑘 , namely the concentration 

of people and their movement intensity. 

The local density of workers 𝜌𝑘(𝑡) around the zone is defined from the number 𝑛𝑖(𝑡) of people active in the vicinity of the 

ROI, normalized by the maximum number of people detected in the zone 𝑛𝑚𝑎𝑥, which in the pilot version was set to 5 people. 

 

𝜌𝑘(𝑡) =  𝑚𝑖𝑛 [
𝑛𝑘(𝑡)

𝑛𝑚𝑎𝑥

 , 1] (11) 

The movement intensity 𝑣𝑖(𝑡) is estimated from the individual's 2D reference position 𝑥𝑖(𝑡) and its previous positions, from 

the displacement between frames of the people near 𝐻𝑘: 

 

𝑣𝑖(𝑡) =  𝑚𝑖𝑛 [
||𝑥𝑖(𝑡) − 𝑥𝑖(𝑡 − 1)||

𝛥𝑡 · 𝑉𝑚𝑎𝑥

 , 1 ] (12) 

 

Finally, 𝑉𝑚𝑎𝑥  is a raw saturation speed measured in pixels/s, defined by experimental calibration of the environment; for the 

pilot tests it was set to a saturation speed of 250 px/s. 

3.2.4 Proposed membership functions 

The membership functions are implemented through parameterized triangular and trapezoidal shapes. To maintain consistency 

with low resource devices, the generic definitions of triangular and trapezoidal membership functions are used. 

Through the membership functions  𝜇, the design establishes three unified linguistic labels for PPE compliance 𝑐𝑖(𝑡): low, 

medium, and high; while for the proximity 𝜔𝑖(𝑡): near, medium, far. The boundary values of each membership function, as 

well as their overlaps and correspondence rules, are shown in Figure 3.  
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Fig. 3. Graphs of the membership functions for ci(t) (left) and  ωi(t) (bottom) and associated equations. Source: Authors. 

For the variables 𝜏𝑖(𝑡) the labels short, medium, and long are used (measured in seconds); for  𝜌𝑘(𝑡): low, medium, and high; 

and finally for 𝑣𝑖(𝑡): slow, medium, and fast. The values of the membership functions and their equations are shown in Figure 

4.  

 

 

 
Fig. 4. Graphs of the membership functions proposed for τi(t) (top left), ρk(t) (top right) and vi(t) (bottom). 

 

3.3 Implementation of the hierarchical Sugeno-Takagi architecture. 

The inference architecture was designed to transform the previously fuzzified variables and membership functions into a final 

risk score per person. 

The proposed fuzzy inference model is structured as a zero-order hierarchical Sugeno-Takagi architecture. This choice 

responds to two main reasons. First, operational risk depends on heterogeneous variables, personal protection, spatial 

proximity, dwell time, severity, density, and movement, which cannot be adequately interpreted through binary rules. Second, 

a flat fuzzy architecture would generate a combinatorial explosion of rules by combining all input variables into a single 

system; by dividing the model into the three intermediate subsystems, complexity is considerably reduced. Considering three 

linguistic labels per input, the protection subsystem 𝑃𝑖(𝑡) requires 6 rules, the operational context 𝐾𝑖(𝑡)  requires 9 rules, 

while the exposure subsystem 𝐸𝑖(𝑡) requires 27 and the final module ri(t) require 36. Thus, the system's hierarchical 

architecture requires 78 rules, compared with the 1,458 combinations it could require when considering six inputs, three labels 

per variable, and one binary variable. 

 Although this number of combinations can be computationally processable on modern equipment, its main limitation lies in 

the difficulty of designing, reviewing, calibrating, and interpreting a large flat knowledge base. Moreover, in a video system, 
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inference must be executed repeatedly per frame and per detected person, so a more compact rule base favors a more stable, 

traceable, and scalable implementation. 

The choice of a zero order Sugeno-Takagi architecture is not posed as a direct replacement for other fuzzy inference schemes, 

but as a methodological decision consistent with the nature of the output required by the system: a continuous numerical risk 

score per person, amenable to temporal smoothing. Sugeno-Takagi models allow linguistic rules to be represented in the 
antecedents and constant or functional consequents in the output, which facilitates obtaining scalar values through a weighted 

average of the activated rules (Takagi & Sugeno, 1985). This feature is suitable when the fuzzy system must be integrated 

with a computer vision computational pipeline, where the input variables come from normalized measurements, as is the case 

here. 

From the membership functions for the previously defined input variables, risk estimation is performed through a zero-order 

hierarchical Sugeno-Takagi fuzzy architecture. In this type of system, the consequents of the rules are not fuzzy sets but 

constant values associated with output levels. If a rule q has antecedents A, B, and C, its firing strength (weight) 𝛽𝑞(𝑡) is: 

β𝑞(𝑡) =  min[ μ𝐴(x1), μB(x2), μC(x3)] (13) 

 

In turn, the output of any subsystem is obtained as a weighted average y𝑠(𝑡) of its activated consequents 𝛾𝑞
𝑅. Therefore, the 

final risk depends simultaneously on the activated linguistic labels and on the intensity with which they are activated. 

y𝑠(𝑡) =
∑ 𝛽𝑞

𝑆(𝑡)𝛾𝑞
𝑆𝑄𝑠

𝑞=1 

∑ 𝛽𝑞
𝑆𝑄𝑠

𝑞=1 
(𝑡)

(14) 

 

Each of the rule subsystems Pi(t), Ei(t) , Ki(t) has an individually constructed matrix of rules and consequents. Although these 

intermediate outputs are continuous values, they are re-evaluated through the linguistic labels low, medium, and high to 

activate the rules of the final aggregator. 

To clarify the internal organization of the model, Figure 5 presents the hierarchical Takagi-Sugeno inference architecture used 

to estimate operational risk. It shows how the variables extracted from visual processing are grouped and then integrated into 

a final aggregator to obtain the instantaneous risk.  

 

 

Fig. 5. Hierarchical Takag-Sugeno architecture for operational risk inference. 

 

3.3.1 Sugeno rule bases and aggregation matrices 

The rule bases of the fuzzy subsystems were defined through expert judgment and preliminary calibration of the laboratory 

environment, prioritizing three principles: monotonicity, interpretability, and a conservative response to higher risk 
conditions. Accordingly, the consequents increase as PPE compliance decreases, as a critical absence of protective elements 

appears, as proximity to a ROI increases, as dwell time lengthens, as machinery severity increases, as local density grows, or 

as the movement of people intensifies. 

Table 6 presents the rule matrix of the protection deficit subsystem 𝑃𝑖(𝑡), built from the weighted PPE compliance 𝑐𝑖(𝑡) and 

the critical absence 𝑚𝑖(𝑡). This matrix assigns higher values when compliance decreases and, especially, when a critical 

element is missing.  
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Table 6. Sugeno rule matrix for the protection deficit 𝑃𝑖(𝑡). The consequents {0.15, 0.50, 0.85, 0.95} correspond to low, 

medium, high, and extreme deficit, respectively 

PPE Compliance 𝑐𝑖(𝑡) Critical PPE Absence 𝑚𝑖(𝑡) 

No (𝑚𝑖(𝑡) = 0) Yes (𝑚𝑖(𝑡) = 1) 

High 0.15 0.50 

Medium 0.50 0.85 

Low  0.85 0.95 

Table 7 groups the matrices of the hazard exposure subsystem 𝐸𝑖(𝑡), defined as a function of the proximity to the ROI 𝜔𝑖(𝑡), 
the dwell time 𝜏𝑖(𝑡) and the machinery severity 𝑠𝑘 (Table 5). They show that exposure increases when the person is closer to 

the risk region, remains in it for longer, or the associated machinery has greater severity.  

Table 7. Rule matrices for hazard exposure 𝐸𝑖(𝑡). The consequents {0.20, 0.50, 0.80} correspond to low, medium and high 

exposure, respectively 

Low Severity  𝑠𝑘  Medium Severity  𝑠𝑘  High Severity  𝑠𝑘 

 Dwell Time 𝜏𝑖(𝑡)   Dwell Time 𝜏𝑖(𝑡)   Dwell Time 𝜏𝑖(𝑡) 

Proximity 

𝜔𝑖(𝑡) 
Short Medium Long  

Proximity 

𝜔𝑖(𝑡) 
Short Medium Long  

Proximity 

𝜔𝑖(𝑡) 
Short Medium Long 

Far 0.20 0.20 0.20  Far 0.20 0.20 0.50  Far 0.20 0.50 0.50 

Medium 0.20 0.50 0.50  Medium 0.20 0.50 0.50  Medium 0.50 0.80 0.80 

Near 0.50 0.50 0.80  Near 0.50 0.80 0.80  Near 0.80 0.80 0.80 

Table 8 shows the matrix of the operational context subsystem 𝐾𝑖(𝑡), built from the local density 𝜌𝑘(𝑡) and the movement 

intensity 𝑣𝑖(𝑡). This matrix represents scene conditions that can increase the probability of unsafe interaction, especially when 

high density of people and rapid movements coincide.  

Table 8. Rule matrix for the operational context 𝐾𝑖(𝑡). The consequents used are ({0.20, 0.50, 0.80}), corresponding to low, 

medium, and high context, respectively 

Local density 𝜌𝑘(𝑡) Movement Intensity 𝑣𝑖(𝑡) 

Slow Medium Fast 

Low 0.20 0.20 0.50 

Medium 0.50 0.50 0.80 

High  0.50 0.80 0.80 

Finally, Table 9 presents the final aggregation matrix of the instantaneous risk index 𝑟𝑖(𝑡), built from the intermediate outputs. 

For this purpose, the continuous outputs of the subsystems are reinterpreted through the linguistic labels low, medium, and 

high in order to activate the final risk rules. This organization allows the final risk to increase gradually as the protection 

deficit, the hazard exposure, and the adverse operational conditions increase. 

Table 9. Rule matrix for the final aggregation of the instantaneous risk ri(t). The final consequents are ({20, 50, 80, 95}), 

corresponding to low, moderate, high, and critical risk 

Low operational context 𝐾𝑖(𝑡).  Medium operational context 𝐾𝑖(𝑡).  High operational context 𝐾𝑖(𝑡). 

 Hazard exposure 𝐸𝑖(𝑡)   Hazard exposure 𝐸𝑖(𝑡)   Hazard exposure 𝐸𝑖(𝑡) 

Protection 
deficit 

𝑃𝑖(𝑡) 

Low Medium High  
Protection 

deficit 

𝑃𝑖(𝑡) 

Low Medium High  
Protection 

deficit 

𝑃𝑖(𝑡) 

Low Medium High 

Low 0.20 0.20 0.20  Low 0.20 0.20 0.50  Low 0.20 0.50 0.50 

Medium 0.20 0.50 0.50  Medium 0.20 0.50 0.80  Medium 0.50 0.80 0.80 

High 0.50 0.50 0.80  High 0.50 0.80 0.80  High 0.80 0.80 0.95 

Extreme 0.50 0.80 0.95  Extreme 0.80 0.95 0.95  Extreme 0.95 0.95 0.95 
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To avoid abrupt oscillations caused by visual noise, lighting changes, momentary occlusions, or false negatives, an 

exponential smoothing is applied to r𝑖(t), where α is the exponential smoothing coefficient. 

r̅i(t) =  αri(t) + (1 − α)r̅i(t − ∆t) ∶  0 < α < 1. (15) 

In the pilot implementation, a smoothing parameter of α=0.25 was used, so that the final index retains 75% of the previous 

smoothed value and incorporates 25% of the instantaneous risk computed in the current frame. This value was selected 

empirically to reduce oscillations due to visual noise without excessively delaying the system's response to real increases in 

risk. The value 𝑟̅𝑖(𝑡) being the final score displayed on screen. 

4. Results 

The results are presented sequentially in order to evaluate the contribution of each component of the proposed hierarchical 

system. First, the ability of the visual perception module to identify the PPE classes relevant in the manufacturing laboratory 

is analyzed. Next, geometric correction through homography is examined as a mechanism to improve the spatial consistency 

between the detected people and the regions of interest associated with machinery. Finally, the response of the fuzzy system 

is evaluated in controlled scenarios designed to represent gradual conditions of low, moderate, high, and critical risk. This 

structure makes it possible to distinguish among the performance of the visual detector, the reliability of the spatial activation 

of the ROIs, and the final response of the Sugeno-Takagi model to combinations of protection, exposure, and operational 

context. 

4.1 Evaluation of the visual perception module 

To evaluate the visual perception module, a proprietary dataset oriented to the detection of personal protective equipment in 

the manufacturing laboratory was used. The classes considered were lab coat, boots, face shield, gloves, and glasses, as these 

are the most relevant elements for safe operation within the experimental setting. The behavior of the YOLOv11 detector was 

analyzed through the precision-recall curve (Figure 6), the normalized confusion matrix (Figure 7), and the training curves 

(Figure 8) in order to identify both the overall performance of the model and the classes most susceptible to error.   

The precision-recall curve shows a performance with an overall value of (mAP@0.5=0.886) on the validation set. This metric 

considers as correct those detections whose intersection over union reaches at least 0.5, so the result indicates that the model 

maintains an adequate balance between precision and recall for most of the evaluated classes. In particular, the best performing 
classes are glasses (mAP=0.940), face shield (mAP=0.938), and boots (mAP=0.934), followed by gloves (mAP=0.898). The 

lab coat class shows the lowest value (mAP=0.797), suggesting greater sensitivity to posture variations, partial occlusion, 

visual deformation of the garment, or similarity to clothing not labeled as PPE.  

Figure 11 shows the normalized confusion matrix, which allows the detector's error patterns to be identified in greater detail. 

The highest diagonal values correspond to face shield (1.00), glasses (0.95), boots (0.92), and gloves (0.90), while lab coat 

shows the lowest diagonal value (0.78). The most relevant errors are not concentrated in direct confusions among PPE classes, 

but in the relationship between some classes and the background. For example, part of the real lab coat instances are classified 

as background, and some background regions generate false positives mainly associated with boots, glasses, and lab coat. 

 

  
Fig. 6 & 7. Precision-recall curve of the model trained with the dataset in YOLOv11 for PPE detection (left) and YOLOv11 Model 
Normalized Confusion Matrix for PPE Detection (right). 

 

The training curves, shows a progressive reduction of the losses associated with localization, classification, and edge 

distribution, both in training and in validation. This behavior indicates a functional convergence of the model and does not 

evidence severe overfitting, since the validation losses also decrease during training. Likewise, the precision, recall, and F1-

score metrics per class show functional values for their integration into the risk system. Lab coat, face shield, and glasses 
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maintain high recall values, while boots and gloves show greater susceptibility to false positives or false negatives. In 

particular, the gloves class must be interpreted with care, owing to its smaller visual size, possible occlusions by tools or body 

posture, and its relevance as critical PPE in certain ROIs. 

 

Fig. 8. Evolution of losses and metrics during the training of the YOLOv11 model for PPE detection. 

4.2 Geometric evaluation of ROIs through homography 

On the other hand, the geometric evaluation was aimed at verifying whether incorporating homography improves the spatial 

consistency of the system when activating regions of interest. For this purpose, the system's behavior was compared under 

two conditions: ROI activation on the original image, without geometric correction, and ROI activation on the top-down plane 

obtained through homography. 

The evaluation was carried out over four representative scenarios of the manufacturing laboratory: crossing an aisle in front 

of a machine, real entry into an operating zone, dwell within a ROI, and the presence of a partially occluded person. For each 

scenario, 90 video events were analyzed, considering sequences of approximately two minutes (Table 10). In each case, the 

number of activation errors produced without homography and with homography was recorded. 

An activation error was considered to be any spatial response inconsistent with the real situation of the scenario, including 

false activations in aisle crossings, missed activations at real entries, instability during dwell, and errors arising from partial 

occlusion of the support point. 

Table 10. ROI activation comparison with and without homography 

Scenario Events evaluated Activation 

errors without 

homography 

Activation 

errors with 

homography 

Relative 

reduction 

Crossing aisle in front of machine 90 65 8 87.7% 
Real Entry to ROI 72 5 93.1% 
Permanence within ROI 48 6 87.5% 
Partially occluded person 51 12 76.5% 

 

The results show that evaluation on the top-down plane substantially reduces ROI activation errors across all analyzed 

scenarios. The most representative case corresponds to crossing an aisle in front of a machine, where the method without 

homography produced 65 errors, while the homography based evaluation reduced the value to 8 errors. In the real entry and 

dwell-within-ROI scenarios, a considerable reduction of errors was also observed. 

These results indicate that homography not only reduces false activations in transit zones but also improves spatial stability 

when the person is effectively inside an operating zone. 

The scenario with a partially occluded person showed the smallest relative reduction, although still relevant, going from 51 

to 12 errors. This behavior was expected, since partial occlusion can affect the estimation of the person's support point and, 

therefore, the projection onto the top-down plane. Even so, the observed reduction suggests that the geometric approach 

retains advantages over direct evaluation on the image. 

Taken together, the geometric evaluation shows that the use of homography provides a functional improvement to the risk 

analysis system, by reducing incorrect spatial activations and making the relationship among person, ROI, and the laboratory's 

physical plane more consistent. This improvement is especially important for the proposed fuzzy system, since the proximity 

(𝜔𝑖(𝑡)) and dwell (𝜏𝑖(𝑡)) variables depend directly on the spatial activation of the ROIs. Therefore, a reduction of geometric 

errors decreases the possibility that the exposure subsystem (𝐸𝑖(𝑡)) artificially increases the risk index due to perspective 
effects. 
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4.3 Design of controlled scenarios 

To complement the evaluation of the fuzzy system, six controlled scenarios were defined through the systematic modification 

of the variables that feed the protection, exposure, and operational context subsystems. Each scenario was recorded through 

five independent video sequences of 60 to 90 seconds, obtaining on average 380 seconds of observation per scenario and 35 

total minutes of analyzed material. The experimental conditions considered are summarized in Table 11. The scenarios were 

structured to elicit differentiated responses in the risk index.  

Table 11. Proposed scenarios and their respective experimental conditions linked to the modified variables of the fuzzy 

system 

Scenario PPE Condition 
Distance to ROI 𝛿1 (in 

px) 

Permanence 𝝉𝒊(𝒕) (in 

s) 

𝜌𝑘(𝑡) (in No. of 

persons) 

Movement  

𝑣𝑖(𝑡) (in px/s) 

S1 Full PPE 50≤ 𝛿1 <100 𝜏𝑖(𝑡) < 5 1 𝑣𝑖(𝑡)<150 

S2 Partial PPE 20≤ 𝛿1 < 50 5≤ 𝜏𝑖(𝑡) < 10 1 150≤ 𝑣𝑖(𝑡) <200 

S3 
Lack of critical 

PPE 
0≤ 𝛿1 <20 5<10≤ 𝜏𝑖(𝑡) 1 150 ≤ 𝑣𝑖(𝑡)<200 

S4 
Lack of critical 

PPE 
0≤ 𝛿1 < 20 𝜏𝑖(𝑡)>10 1 150≤ 𝑣𝑖(𝑡) <200 

S5 
Variable or 

partial PPE 

𝛿1 < 20 px compared to 

 𝛿2 
𝜏𝑖(𝑡) < 5 2 - 4 200 ≤ 𝑣𝑖(𝑡)<250 

S6 Partial PPE 50≤ 𝛿1 < 20 5.≤ 𝜏𝑖(𝑡) < 10 5 𝑣𝑖(𝑡)>250 

 

S1 considered a low risk condition, characterized by full PPE, moderate distance to the ROI, low severity, short dwell, low 

density, and slow movement. In S2, risk was increased by introducing partial PPE, greater proximity to the ROI, medium 

severity, intermediate dwell, and moderate speed. In S3 and S4, the effect of the absence of critical PPE inside the ROI was 

evaluated, differentiating both cases by zone severity and dwell time; thus, S3 represents a high condition, while S4 

corresponds to a critical condition due to the combination of lack of protection, direct occupation of the hazardous zone, high 

severity, and prolonged dwell. S5 was designed to analyze cases of crossing or close spatial overlap between regions, where 

homography must avoid undue activations or overestimations of risk. Finally, S6 made it possible to evaluate the effect of the 

operational context by combining partial PPE, proximity to the ROI, greater density of people, and high speed. Together, this 

configuration made it possible to verify whether the fuzzy system responds gradually and consistently to increases in exposure, 

severity, and dynamic complexity of the environment. 

4.4 Fuzzy system response per scenario 

For each scenario, the average values per person and per frame were computed (Table 12), then aggregated per sequence and 

finally averaged over the five corresponding recordings. The results show behavior consistent with the logic of the proposed 

system. 

Table 12. Average response of the fuzzy system in all videos of all controlled scenarios and their standard deviation 

Scenario 𝑷𝒊(𝒕) 𝑬𝒊(𝒕) 𝑲𝒊(𝒕) 𝒓𝒊(𝒕) 𝒓̄𝒊(𝒕) 

S1 0.25±0.04 0.3±0.05 0.3±0.03 28±4 25±3 

S2 0.60 ±0.06 0.58±0.02 0.20±0.03 55±3 50±5 

S3 0.88±0.02 0.78±0.03 0.38±0.01 79±2 73±2 

S4 0.92±0.01 0.93±0.02 0.55±0.04 92±1 90±2 

S5 0.5±0.07 0.28±0.06 0.35±0.04 40±3 36±3 

S6 0.58±0.05 0.6±0.05 0.86±0.03 78±2 80±2 

 

In addition to the quantitative results obtained by the system, representative screenshots were selected in order to visually 

document the experimental conditions considered in each scenario. These images are not used as the main performance metric, 

but as qualitative evidence of the real test context.  

In scenario S1, where the person has full PPE, is far from the risk regions, and there is low operational density, the three 

intermediate outputs remain at reduced values, generating a low risk level (Figure 9). This result confirms that the system 
does not unnecessarily increase the risk score when the visual, spatial, and contextual evidence does not indicate a hazardous 

condition. 
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Fig. 9. Experimental evidence corresponding to Scenario S1 in the welding station (left), lathe station (center) and milling station (right). 
The images illustrate a baseline operating condition characterized by safe distances from hazardous regions and/or full PPE equipment, 

while standing still or walking slowly. Under these conditions, workers exhibit low risk levels. 

 
In scenario S2, the protection deficit increases due to the partial presence of PPE, while exposure also increases due to 

proximity to the ROI and a medium dwell time (Figure 10). However, the operational context remains low, so the final risk 

is at a moderate level.  

 

 

Fig. 10. Experimental evidence corresponding to Scenario S2 in the milling station (left) and welding station (right). The operators 
approach more to the ROI while the system automatically detects missing personal protective equipment (PPE) that are not critical, which 

combined with the reduced distance between workers and hazardous areas increases exposure levels, resulting in higher risk estimates.  

 

Scenarios S3 and S4 reveal the system's sensitivity to the absence of critical PPE. In S3, the lack of a critical element inside 
a ROI produces a considerable increase in protection deficit and exposure, generating a high risk (Figure 11). In S4, the 

combination of critical absence, high zone severity, and prolonged dwell raises the index to a critical level.  

 

Fig. 11. Experimental evidence corresponding to Scenario S3 in the milling station (left),and Scenario S4 in welding station (right). The 
operators remain within the ROI for extended periods with some critical PPE equipment missing, resulting in increased exposure to 

hazardous areas and low PPE index.  

 

Scenario S5 allows the effect of geometric correction to be observed. Although the person may visually overlap with a risk 

zone while crossing the aisle (Figure 12), the evaluation on the top-down plane reduces the computed exposure, keeping the 
risk between low and moderate. In addition, the inclusion of a greater density of people increases the risk, also due to the 

speed at which they cross the risk zone. 
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Fig. 12. Experimental evidence corresponding to Scenario S5 in the lathe station (left) and milling station (right). Multiple operators 
perform simultaneous activities within the monitored environment while having some or none PPE on. Differences in worker positions, 

proximity to hazardous areas, and velocity distinct individual risk levels can be seen. 

 

Finally, scenario S6 shows that the operational context can increase risk even when the protection deficit is not extreme 

(Figure 13). The presence of high local density and rapid movement increases (Ki(t)), which raises the final index toward a 

high level.  

 

  

Fig. 13. Experimental evidence corresponding to Scenario S6 in the welding station (left)and milling station (right). The images illustrate 
a complex operational scenario involving multiple workers simultaneously performing activities or moving quickly within the monitored 

environment.  

Although the experimental validation was carried out with recorded sequences and controlled scenarios, the proposed 

architecture was designed as a frame-by-frame processing pipeline.  

The system estimates risk indicators from each frame through visual, spatial, and temporal evidence, and these indicators can 

be updated as new frames arrive. In this sense, the proposal should be understood as a safety supervision support tool 

compatible with near real time monitoring, capable of providing early risk indications without losing usefulness for auditing 

or retrospective analysis. 

In 2024 alone, Mexico's Secretariat of Labor and Social Welfare (STPS) has recorded more than 4,500 accidents linked to the 

failure to use PPE (Secretaría del Trabajo y Previsión Social [STPS], 2026). For that reasons it is important to note that the 

proposed system does not intend to authorize the operation of machinery under unsafe conditions, nor to replace institutional 

safety protocols. In industrial and educational manufacturing settings, the use of the required PPE must be verified before the 

start of the activity (Secretaría del Trabajo y Previsión Social [STPS], 2024). For this reason, the scenarios with partial PPE 

or absence of critical elements were considered only as controlled experimental conditions to evaluate the model's sensitivity 

to different levels of non-compliance and exposure, not as acceptable operational practices. 

Likewise, occupational risk is a multifactorial phenomenon that cannot be fully represented through visual evidence. Factors 

such as the maintenance condition of the machinery, operator experience, environmental conditions, ergonomic load, work 

organization, and human factors also influence safety.  

In this way, the generated score should not be understood as a comprehensive occupational assessment that replaces audits, 

regulations, or human supervision (Parlamento Europeo y Consejo de la Unión Europea, 2024), but as a continuous, 

interpretable, and traceable indicator of operational risk to support supervision, training, event documentation, and safety 

decision-making.  

This interpretation is consistent with recent reviews on AI applied to occupational safety, which stress that these systems can 

support monitoring, early detection, and user assistance, but require ethical integration, a human centered approach, risk 

assessment, transparency, and human supervision to avoid over-reliance or inappropriate uses of automation (Huber et al., 

2025; Baraza, 2026). 
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5. Conclusions. 

This work presented a hierarchical system for continuous scoring of operational risk in a university manufacturing laboratory, 

integrating computer vision, regions of interest, geometric correction through homography, and zero order Sugeno-Takagi 

fuzzy inference. The proposal is based on the premise that risk should not be interpreted solely as a binary condition of PPE 

compliance or non-compliance, but as a gradual, spatial, and context dependent condition. 

The results show that the visual perception module provides a functional basis to feed the fuzzy system. The YOLOv11 
detector achieved favorable overall performance in identifying PPE, although differences among classes were observed. 

Elements such as glasses, face shield, and boots showed better results, while lab coat and gloves showed greater sensitivity to 

occlusions, reduced apparent size, posture variations, and lighting conditions. This behavior confirms that the quality of the 

perception module directly influences the computation of the protection deficit and, therefore, the final risk index. 

The geometric evaluation showed that homography improves spatial consistency in the activation of ROIs. By projecting each 

person's support point onto an approximate top-down plane, the system reduced errors associated with camera perspective, 

especially in situations where a person visually overlaps with a machine or hazardous region without physically occupying 

that zone. This correction is relevant because the proximity and dwell variables depend on a consistent spatial estimation. 

The response of the fuzzy system across the six controlled scenarios showed gradual behavior consistent with the experimental 

conditions. In low risk scenarios, characterized by full PPE, low exposure, and reduced operational context, the final index 

remained at low levels. In intermediate conditions, such as partial PPE or greater proximity to a ROI, the system produced 

moderate values. When there was an absence of critical PPE inside a risk zone, high severity, or prolonged dwell, the index 

increased toward high or critical levels. Likewise, the scenarios with greater local density and rapid movement showed that 

the operational context can increase risk even when the protection deficit is not extreme. 

Taken together, the results indicate that the proposed hierarchical architecture makes it possible to decompose risk estimation 

into interpretable dimensions: protection deficit, hazard exposure, and operational context. This organization facilitates 

identifying whether an alert relates mainly to a lack of PPE, proximity to a hazardous zone, prolonged dwell, high density of 

people, or intense movement. In addition, temporal smoothing helps reduce oscillations caused by visual noise, momentary 

false negatives, or partial occlusions. 

Nevertheless, the results should be interpreted as a pilot validation in a controlled environment. The system was evaluated 

with a specific camera configuration, calibrated ROIs, and a dataset adjusted to the laboratory, so its performance may vary 

under changes in lighting, spatial layout, type of machinery, clothing, or safety protocols. Likewise, although the architecture 

processes information frame by frame and is compatible with near real time monitoring, prolonged tests under real operating 

conditions, latency measurements, and evaluation of false positives and false negatives are still required before considering it 

a fully deployed solution. 

As future work, it is proposed to expand and balance the PPE dataset, incorporate more examples with occlusions and lighting 

variations, strengthen multi-object tracking, improve geometric calibration, and compare the system's behavior with 
Mamdani, ANFIS, or type-2 fuzzy variants. It is also envisaged to develop an automatic reporting module that records relevant 

events, risk values, and activated rules, in order to support auditing, training, and continuous improvement of safety protocols. 
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