
Open Journal of Applied Sciences, 2026, 16(7), 2587-2603 
https://www.scirp.org/journal/ojapps 

ISSN Online: 2165-3925 
ISSN Print: 2165-3917 

 

DOI: 10.4236/ojapps.2026.167144  Jul. 29, 2026 2587 Open Journal of Applied Sciences 
 

 
 
 

Inverse Detection for Deterministic Object 
Selectivity in Industrial Safety Monitoring 

Gilles Verschueren, Robbe Noens, Ward Nica, Marc Juwet, Dino Accoto 

Department of Mechanical Engineering, KU Leuven, Gent, Belgium 

 
 
 

Abstract 
Industrial safety sensors commonly detect object presence in monitored zones 
around hazardous machinery, but they generally do not identify whether the 
detected object is a human, product, fixed structure, or mobile system. Treating 
all detections conservatively is necessary for safety, but can cause unnecessary 
speed reductions or protective stops when known non-human objects frequently 
enter monitored zones. This paper proposes inverse detection, a deterministic 
object-filtering principle for improving selectivity in zone-based industrial safety 
monitoring. All detections are treated as human-equivalent by default. Detec-
tions may only be removed from the human-equivalent set when they can be 
verified as known non-human objects using explicit information such as geom-
etry, pose, communication status, sensor consistency, and timeout conditions. 
Failed or incomplete verification returns the detection to the safety-zone evalu-
ation. The framework consists of detection, filter-definition, verification, and 
safety-zone evaluation layers. Verification levels are defined for fixed structures, 
robot-manipulated objects, communicating mobile systems, and human-equiv-
alent detections. A proof-of-concept implementation with multiple 2D LiDAR 
sensors shows that verified packages and mobile objects can be filtered, while 
humans, unknown objects, displaced objects, and communication failures re-
main active in the safety evaluation. The implementation is not a certified safety 
function, but demonstrates the feasibility of deterministic filtering as a transpar-
ent alternative to direct human classification. 
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1. Introduction 

Industrial robots are increasingly used in workspaces shared with human opera-
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tors, transported products, and mobile systems. In such environments, safety 
monitoring is commonly based on object presence in predefined zones. Depend-
ing on the selected safety concept, the zone state may maintain normal operation, 
reduce speed, or initiate a protective stop. Examples include fixed protective fields 
based on ISO 13855 [1] and speed-dependent zones used in Speed and Separation 
Monitoring (SSM) [2]. 

A fundamental limitation of many industrial safety-sensing systems is that they 
provide geometric presence information, but not semantic object identity. A 
safety scanner or other electro-sensitive protective equipment (ESPE) can indicate 
that an object has entered a monitored zone, but it does not generally distinguish 
between a human operator, a product, a fixed structure, or an automated guided 
vehicle (AGV). Consequently, all detections must be treated conservatively as po-
tentially safety-relevant. This behavior is necessary for safety, but it can reduce 
productivity when known non-human objects frequently enter monitored zones 
during normal operation. 

Object classification appears to offer a direct solution. Deep-learning approaches 
enable human detection using cameras [3], LiDAR [4] [5], radar [6] [7], and multi-
sensor fusion [8]. A broader overview of sensing technologies for human-robot 
collaboration is provided by [9], who highlight the popularity of structured-light 
cameras due to their ease of deployment. AI-based systems can also estimate hu-
man posture, trajectory, and intention [10] [11], which may support more selec-
tive or adaptive safety monitoring. 

However, classification-driven perception introduces failure modes that are dif-
ficult to reconcile with safety-related decision making. In zone-based monitoring, 
a false stop caused by classifying a non-human object as human mainly affects 
productivity. A missed human detection or incorrect human-to-object classifica-
tion is more critical, because it may prevent the required safety response. Relevant 
limitations include: 
 Missed detections: a human may remain undetected.  
 Incorrect classifications: a human may be classified as a non-human object, 

or vice versa.  
 Dependence on training data: performance depends on the similarity be-

tween the deployment environment and the training distribution.  
 Sensitivity to rare conditions: lighting changes, reflections, occlusions, unu-

sual poses, and unseen objects may degrade performance.  
 Probabilistic inference: neural networks output confidence scores rather than 

deterministic guarantees.  
 Black-box behavior: verification and validation remain challenging. Although 

explainable-AI methods can support interpretation, saliency maps and atten-
tion mechanisms are not sufficiently consistent as the sole basis for certified 
safety decisions [12].  

 Safety-standard compliance: many research prototypes in human-robot col-
laboration do not apply appropriate safety protocols [13].  
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These limitations matter because functional-safety standards require very low 
dangerous failure rates and validated diagnostic behavior [14]. For example, Per-
formance Level d (PL d) under ISO 13849-1 corresponds to a probability of dan-
gerous failure per hour, PFHd, in the order of 10−7 to 10−6. A perception model 
with 99.9% recall still misses approximately one object in every 1000 labelled in-
stances. This comparison is illustrative rather than quantitative: recall is not di-
rectly equivalent to PFHd or to an operational dangerous failure rate. It neverthe-
less highlights the mismatch between statistical perception metrics and safety-
function reliability measures [15]. 

ISO/IEC TR 5469:2024 therefore treats AI in functional safety cautiously and 
indicates that AI-based functions should not be relied upon as the sole safety mech-
anism without additional validated safeguards [16]. Several studies combine AI 
perception with certified safety scanners as fallback mechanisms [17] [18]. Nev-
ertheless, certification pathways for AI-driven perception remain challenging and 
are not yet generally established [19]. Redundant AI-based sensing architectures, 
such as systems using multiple AI-trained cameras [20], may improve robustness 
but increase cost, complexity, and validation effort. 

This creates the central trade-off addressed in this paper: classification-driven 
perception can improve object selectivity, but remains difficult to validate or cer-
tify as a stand-alone safety mechanism; deterministic safety sensing is easier to 
validate for presence detection, but typically lacks object selectivity. 

This paper proposes inverse detection as a deterministic object-filtering princi-
ple for this trade-off. Instead of attempting to prove that a detected object is hu-
man, every detection is treated as human-equivalent by default. Detections asso-
ciated with known non-human objects may only be removed from the human-
equivalent detection set after deterministic verification based on explicit infor-
mation such as geometry, pose, communication status, robot state, sensor con-
sistency, and timeout conditions. If verification is incomplete, inconsistent, or un-
available, the detection remains human-equivalent and is forwarded to the safety-
zone evaluation layer. 

Inverse detection is related to deterministic safety concepts such as muting, 
blanking, and dynamic protective-field switching, but differs in how selectivity is 
applied. Conventional muting or blanking typically suppresses predefined parts 
of a safety function under specific material-flow or machine-state conditions. Dy-
namic protective fields adapt the active safety zones themselves, usually by switch-
ing between predefined field sets or monitoring cases. In contrast, inverse detec-
tion does not define or switch the protective fields. It operates before the safety-
zone evaluation and determines which detected points remain human-equivalent. 
Multiple known non-human objects can therefore be filtered. Dynamic protective 
fields and inverse detection are not mutually exclusive: the fields may define the 
active zones, while inverse detection determines which verified non-human de-
tections are excluded from their evaluation. 

The contribution of this paper is threefold. First, it introduces inverse detection 
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as a deterministic alternative to classification-driven object selectivity. Second, it 
presents a layered framework based on detection, filter definition, verification, 
and safety-zone evaluation. Third, it evaluates the concept in an industrial logis-
tics scenario involving robot-manipulated packages, a communicating mobile ob-
ject, and human intrusions. The implementation is not presented as a certified 
safety function, but as a proof of concept demonstrating the feasibility and limi-
tations of the proposed filtering logic. 

2. Inverse Detection Principle  
2.1. Definition  

Inverse detection is a deterministic object-filtering principle for improving selec-
tivity in safety-monitored industrial workspaces. The concept reverses conven-
tional classification logic. Instead of asking whether a detected object is human, 
the system asks whether the detection can be verified as belonging to a known 
non-human object. 

All detected objects are treated as human-equivalent unless they can be de-
terministically verified as known non-human objects eligible for filtering.  

Here, human-equivalent means that a detection is treated conservatively as po-
tential human presence during safety-zone evaluation. A human-equivalent de-
tection can therefore trigger reduced speed or a protective stop. The term deter-
ministic means that filtering follows explicit geometric, temporal, and communi-
cation-based rules. 

A detection may only be removed from the human-equivalent detection set if 
all required verification conditions are satisfied. These conditions may include 
known object geometry, expected position or trajectory, consistency between 
measured data and the expected object region, valid communication, bounded 
tolerances, timeout checks, and mismatch checks. If any condition is incomplete, 
inconsistent, or unavailable, the detection remains human-equivalent. This con-
servative fallback is the central safety-oriented property of inverse detection. The 
principle is comparable to fail-safe signal design in safety circuits: a loss of the 
expected condition does not preserve normal operation, but returns the system to 
the conservative state. For example, loss of communication with a mobile object 
disables its filter and causes the corresponding detections to be evaluated as hu-
man-equivalent. 

Figure 1 shows the insertion of the inverse-detection module in the robot sys-
tem. The module receives sensor data and known-object information, performs 
deterministic verification, and forwards the resulting human-equivalent detec-
tions or zone state to the safety controller. 

2.2. Layered Framework  

The inverse-detection framework consists of four functional layers, as shown in 
Figure 2:   
• Detection: sensor measurements are collected and transformed into a com-
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mon coordinate frame. All detections are initially human-equivalent.  
• Filter definition: known system information, such as object geometry, robot 

pose, mobile object pose, and communication status, defines candidate filter 
regions.  

• Verification: candidate filter regions are compared with measured sensor 
data. Filtering is permitted only when the measured data are consistent with 
the expected object and all verification conditions are satisfied.  

• Safety-zone evaluation: all remaining human-equivalent detections are eval-
uated by the downstream safety logic.  

 

 
Figure 1. Insertion of the inverse-detection module in the robot system. Black arrows 
indicate existing functional communication, yellow arrows indicate safety-related 
communication, and blue arrows indicate the additional data exchange introduced by 
inverse detection. 

 
In practice, the verification layers are applied within a predefined Zone of In-

terest (ZoI). The ZoI should at least cover the largest protective zone used by the 
downstream safety evaluation and may be enlarged to provide additional space 
for verification before detections enter the active warning or stop zones. In the 
proof-of-concept implementation, the ZoI was deliberately chosen larger than the 
active protective zones rather than being calculated as a strict minimum value. 
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Figure 2. Dataflow and layered structure of the inverse-detection framework. Sensor 
measurements and known-object data enter through separate paths and are combined only 
at the verification stage. Only verified detections may be filtered, while unknown detections 
or failed verifications remain human-equivalent. 

 
The framework is independent of the downstream zone logic. The remaining 

human-equivalent detections may be evaluated using fixed protective fields, ISO 
13855-based safety zones, Speed and Separation Monitoring zones, or another ap-
plication-specific zone-state calculation. It is also independent of the specific sen-
sor type, as long as the sensor system provides object-position data that can be 
transformed into the reference frame used for verification and zone evaluation. 

2.3. Verification Levels  

Detected objects are handled using Verification Levels (VLs), summarized in Ta-
ble 1 and illustrated in Figure 3. Each level defines the information required be-
fore detections associated with an object may be filtered. 
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Table 1. Verification levels used by the inverse-detection framework. 

Category Verification basis VL Filtering rule 

Fixed structures 
Known static geometry 
physically occupying a  

predefined region. 
0 

Detections may be filtered only 
inside the verified occupied  

volume. 

Robot-manipulated 
objects 

Known robot trajectory, 
object geometry, and  
expected object pose. 

1 
Detections may be filtered only 
while measured data match the 

expected object volume. 

Communicating 
mobile objects 

Communicated pose and 
dimensions cross-validated 
with sensor measurements. 

2 

Detections may be filtered only 
while communication and  

geometric consistency remain 
valid. 

Human-equivalent 
detections 

Humans, unknown objects, 
or objects failing  

verification. 
3 

Detections are not filtered and 
are forwarded to the safety-zone 

evaluation layer. 

 

 
Figure 3. Simplified verification principle of inverse detection. Known non-human objects may be filtered only after 
deterministic verification. Humans, unknown objects, and objects failing verification are assigned VL 3 and remain part 
of the human-equivalent safety-zone evaluation. 

 
VL 0 applies to fixed structures such as walls, machines, or permanently in-

stalled objects. The filter region is defined from the known geometry of the static 
object in the common coordinate frame. All detections inside this predefined re-
gion are removed from the safety-zone evaluation. No runtime check is performed 
to verify whether the region is empty or occupied. Therefore, VL 0 filters must be 
validated during commissioning to ensure that the static object is correctly filtered 
and that nearby humans or other objects are not masked. Objects assigned to VL 
0 must not be removable or movable without renewed risk analysis and revalida-
tion of the filter region. 
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VL 1 applies to robot-manipulated objects, for which the expected object pose 
is derived from the robot pose, task state, and known object dimensions. The filter 
region follows the expected object contour and is enlarged by a bounded geomet-
ric margin. In the proof of concept, a total margin of 100 mm was used, corre-
sponding to 50 mm on each side of the object contour. Points inside this region 
are eligible for filtering, while points outside the region remain human-equivalent. 
If no points are detected inside the expected filter region, an empty-filter timeout 
is started. In the proof of concept, this timeout was set to 1 s. 

VL 2 applies to communicating mobile objects, such as AGVs or AMRs. The 
filter region is generated from the communicated object pose and dimensions and 
is enlarged by the same bounded-margin principle used for VL 1. The communi-
cated pose must be valid, timestamps must be monotonically increasing, and com-
munication must remain active. In the proof of concept, communication validity 
was monitored using a watchdog signal with a timeout of 150 ms. Communication 
loss, watchdog timeout, stale or non-increasing timestamp information, invalid 
pose data, or detections outside the expected filter region invalidates the filter and 
returns the detections to VL 3. 

VL 3 is the default level for humans, unknown objects, and all failed verifica-
tions. No filtering is applied at this level. All VL 3 detections are forwarded to the 
safety-zone evaluation layer and can therefore trigger the configured warning or 
protective-stop response. Any missing, outdated, inconsistent, or failed verifica-
tion condition from VL 0-VL 2 results in VL 3 behavior. 

Figure 4 illustrates this verification principle for a communicating mobile ob-
ject, where the measured point cloud is compared with the communicated pose 
and bounded tolerance region. 

 

 
Figure 4. Verification of a communicating mobile object. The measured point cloud is 
compared with the communicated pose, shown as the grey box. A tolerance region, 
shown in blue, accounts for sensor inaccuracies and delays. Communication loss or 
detections outside the expected filter region trigger reclassification to VL 3. 

 
Each candidate filter region is implemented as a deterministic state machine, as 

summarized in Table 2. This state formulation makes the filtering behavior ex-
plicit and prevents expected object regions from immediately removing detections 
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from the safety evaluation. Filtering is allowed only in the verified state. All other 
states preserve the corresponding detections as human-equivalent. 

 
Table 2. Filter-state logic for candidate filter regions. 

State Meaning Filtering allowed 

Inactive 
No known object is expected in the region, or the filter 
region is disabled. 

No 

Candidate 
A known object is expected based on system  
information, but sufficient sensor confirmation has 
not yet been obtained. 

No 

Verified 
The required object state is valid and the measured  
detections lie inside the expected filter region. 

Yes 

Invalid 
Verification has failed due to timeout, communication 
loss, invalid pose data, detections outside the expected 
filter region, or another inconsistency. 

No 

 
A filter enters the Candidate state when a known object is expected and the 

information required to define its filter region is available, but filtering is not yet 
allowed. For example, a communicating mobile object may already have valid 
communication while it is still outside the ZoI, or a robot-manipulated package 
may be scheduled for transport before it is grasped by the robot. The transition 
from Candidate to Verified occurs when the object becomes relevant for filtering 
and the required conditions are satisfied, such as the mobile object entering the 
ZoI with valid communication, or the robot grasping the package while the ex-
pected filter region is available. 

In the proof-of-concept implementation, the filter region was defined by the ex-
pected object contour with a bounded margin. The implementation did not classify 
the shape of the point cloud; it only checked whether detections were located inside 
or outside the defined filter region. A single unfiltered point inside an active safety 
zone was sufficient to trigger the corresponding warning or stop response. 

A filter moves from Verified to Invalid when one of the required conditions is 
lost. For VL 1, this includes unavailable robot or task-state information, package 
displacement, package removal, or an empty filter region for longer than the 1 s 
timeout. For VL 2, this includes communication loss, watchdog timeout, stale or 
non-increasing timestamp information, invalid pose data, or detections outside 
the expected filter region. In all cases, an invalid filter no longer removes detec-
tions from the safety-zone evaluation. 

2.4. Safety-Zone Integration  

After verification, only detections that remain human-equivalent are forwarded to 
the safety-zone evaluation layer. Verified non-human objects are excluded only 
while their verification conditions remain valid. If verification becomes incomplete, 
inconsistent, or unavailable, the corresponding detections return to the human-
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equivalent detection set. Depending on the application, the downstream safety logic 
may then maintain normal operation, reduce speed, or initiate a protective stop. 

3. Proof-of-Concept Evaluation  

A proof-of-concept implementation was developed to evaluate whether inverse 
detection can be applied in a representative industrial scenario. The goal was not 
certification, but a prototype-level evaluation of the conservative default: known 
non-human objects may be filtered only while deterministically verified, whereas 
humans, unknown objects, and failed verifications remain part of the safety-zone 
evaluation. 

3.1. Experimental Setup  

The testbed consisted of a Stäubli TX2-90L industrial robot mounted upside down 
on a horizontal linear axis, three 2D LiDAR scanners, a standard PLC for system 
coordination, a safety PLC for response logic, and a PC running the C++ inverse-
detection algorithm. Robot pose, package dimensions, mobile object information, 
and zone-state data were exchanged using ADS and UDP communication. 

The proof of concept used RPLIDAR A1 scanners. Their low cost enabled flex-
ible investigation of multi-sensor coverage, placement, occlusion effects, and ge-
ometric filtering. However, they are not safety-rated and have lower measurement 
performance than industrial safety laser scanners. The implementation therefore 
demonstrates technical feasibility, not a certified safety function. 

The prototype timing values were documented to characterize the proof-of-
concept implementation, but they were not treated as a certified safety-response-
time analysis. The RPLIDAR A1 scanners operated at approximately 10 Hz, cor-
responding to a scan period of about 100 ms, and transmitted their data to the PC 
via USB/UART. Robot and package data were transmitted to the C++ program 
through ADS with an expected latency below 2 ms, while AGV/AMR data were 
transmitted through UDP with an expected latency of approximately 2 - 5 ms. The 
C++ processing cycle, including point transformation, filter update, filtering, and 
zone-state evaluation, required approximately 90 ms in the prototype. The result-
ing zone state was transmitted to the PLC through ADS, after which the PLC com-
munication update and logic response required approximately 1 ms and 10 ms, 
respectively. Communication loss for mobile objects was monitored separately 
using a watchdog timeout of 150 ms. 

The three LiDAR scanners were registered to the common workspace coordi-
nate frame using a manual calibration procedure. After mounting the scanners, 
several static reference objects were placed at different positions in the shared 
workspace, including regions visible from more than one scanner. For each scan-
ner, a two-dimensional rigid transformation consisting of a translation and rota-
tion was adjusted until the measured contours of the reference objects overlapped 
in the common workspace frame. The same workspace frame was used for the 
robot pose data and for the generation of the filter regions. The resulting align-
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ment was verified qualitatively by comparing the registered point clouds of the 
reference objects and by checking that known packages and static objects were 
consistently located inside their expected filter regions. The remaining registra-
tion uncertainty was therefore treated as part of the filter-margin budget. 

A total tolerance margin of 100 mm was added around known object geome-
tries, corresponding to 50 mm on each side of the object contour. This margin was 
selected to cover scanner resolution and accuracy, registration uncertainty, coor-
dinate-transformation error, package-position uncertainty, pose-update uncer-
tainty, and limited object displacement during the prototype update delay. It must 
remain large enough for robust filtering, but small enough to avoid masking nearby 
human body parts or unknown objects. In the tested configuration, no complete 
masking of a nearby human leg was observed. 

The communicating mobile object case was evaluated in two steps. First, an 
artificial mobile object point cloud was added to the LiDAR stream while the cor-
responding pose was communicated to the inverse-detection module. Second, a 
physical box was moved through the monitored area by the robot while its posi-
tion was transmitted through UDP. This emulated the sensing and communica-
tion conditions of a communicating mobile object, without validating a complete 
AGV system. In the prototype, loss of UDP communication caused the corre-
sponding filter to become invalid, so the object returned to the human-equivalent 
set instead of remaining filtered. 

Figure 5 shows the proof-of-concept visualization, including filtered detec-
tions, remaining human-equivalent detections, and the resulting safety-zone re-
sponse. 

 

 
Figure 5. Visualization of the proof-of-concept implementation. Grey points represent filtered data that do not 
influence the zone-state evaluation. Blue and green points correspond to unfiltered data that may trigger protective 
actions. The human entering the red zone initiates a safety response, while verified packages in the same zone are 
filtered and do not affect the system response. 
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3.2. Evaluation Scenarios  

The evaluation examined whether known non-human objects were filtered only 
while verified, humans remained visible to the safety-zone evaluation, and filter-
ing was disabled under displacement, occlusion, communication loss, or geomet-
ric mismatch. 

Table 3 summarizes the validation tests and repeated-trial outcomes used to 
evaluate the conservative behavior of the proof-of-concept implementation. A run 
was counted as passed when the expected filter state and safety-zone response were 
obtained. Detailed timing distributions of the state transitions were not logged in 
this proof-of-concept implementation. 
 
Table 3. Validation tests and repeated-trial outcomes for the inverse-detection proof of 
concept.  

Test Expected response Runs Observed outcome 

Human entering 
the monitored area 

Human-equivalent 
points are forwarded to 

the safety-zone  
evaluation. 

30 
30/30 passed; no human  
detections were filtered. 

Robot-manipulated 
package inside a  

filter region 

Package points are  
filtered only while the 
measured data remain 

inside the expected  
package region. 

30 
30/30 passed; no unintended 
stops occurred during valid  

filtering. 

Package removed 
from the expected 

region 

The filter is disabled  
after the empty-filter 

timeout and the region 
no longer masks  

detections. 

30 

30/30 passed; the filter was  
revoked after the 1 s timeout; 

no missed reclassification  
occurred. 

Package displaced 
from the expected 

location 

Points outside the  
expected filter region  

remain human- 
equivalent and the filter 

is removed. 

30 
30/30 passed; the filter was  

revoked; no missed  
reclassification occurred. 

Communicating 
mobile object inside 
the communicated 

region 

The object is filtered 
only while  

communication and  
filter-region consistency  

remain valid. 

30 
30/30 passed; no unintended 
stops occurred during valid  

filtering. 

Communication 
loss or invalid  

mobile-object data 

The mobile-object filter 
is removed and the  

object becomes  
human-equivalent. 

30 

30/30 passed; the filter was  
revoked after watchdog 

timeout or invalid data; no 
missed reclassification  

occurred. 

Human close to a 
filtered package 

Human points outside 
the package filter region  

remain available for  
safety-zone evaluation. 

30 

30/30 passed in the tested  
configurations; the human 

point cloud was not  
completely masked. 
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Continued 

Single-scanner  
occlusion and  
two-scanner  
mitigation 

Occlusion is identified as 
a limitation; additional 

sensing improves  
visibility in the tested 

configuration. 

Qualitative 
check 

Single-scanner shadow  
regions were observed;  

adding a second scanner  
mitigated the observed  

occlusion in the tested setup. 

3.3. Results  

Across the repeated tests, humans remained human-equivalent in all runs, veri-
fied robot-manipulated packages and communicating mobile objects were filtered 
during valid operation, and deliberately introduced verification failures caused 
the expected filter revocations. No missed reclassification was observed, and no 
unintended stops occurred during valid filtering of verified non-human objects. 

Additional tests examined whether a human standing close to a filtered package 
could be masked by the filter margin. In the tested configurations, the human 
point cloud was not completely contained within the filter region, so operator 
points remained available for safety-zone evaluation. This result is configuration-
dependent and does not replace formal margin validation. 

The combined scenario revealed an important limitation of 2D LiDAR. With a 
single scanner, packages at the drop-off location created shadow regions in which 
a human operator could be temporarily occluded. Adding a second scanner next 
to the package drop zone mitigated this limitation in the tested configurations. 

Overall, the proof of concept showed that inverse detection can selectively filter 
verified non-human detections while preserving conservative behavior for hu-
mans, unknown objects, displaced objects, and communication failures. Further 
work is required before safety-rated deployment, including certified sensing, val-
idated communication, timing analysis, diagnostic coverage, software verification, 
and formal validation of filter margins and occlusion conditions. 

4. Discussion and Limitations  

Inverse detection improves object selectivity by filtering only detections that can 
be deterministically verified as known non-human objects. All other detections 
remain human-equivalent. This avoids reliance on probabilistic human classifica-
tion and makes the decision logic explicit, reproducible, and easier to inspect. 

The approach is independent of the downstream zone logic. It does not define 
or reduce the required protective distance, nor does it replace the safety-zone cal-
culation. The protective distance or zone geometry remains governed by the ap-
plicable safety concept, such as fixed protective fields, ISO 13855-based safety zones, 
Speed and Separation Monitoring zones, or another application-specific method. 
Inverse detection only determines which detections remain human-equivalent and 
must therefore be evaluated by the downstream safety logic. Verified non-human 
objects may be excluded from this evaluation while their verification conditions 
remain valid, whereas humans, unknown objects, and failed verifications remain 
active. The principle is also sensor-independent at framework level: LiDAR, radar, 
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or other sensors may be used if they provide sufficiently reliable position data for 
the detections to be verified. 

The presented implementation demonstrates feasibility, but it is not a certified 
safety function. The RPLIDAR A1 sensors are not safety-rated, and the PC-based 
software and communication channels were not developed or validated according 
to a functional-safety lifecycle. A certified implementation would require safety-
rated sensing, validated communication, timing analysis, diagnostic coverage, soft-
ware verification, and formal validation of relevant failure modes. 

Two technical limitations are especially important. First, 2D LiDAR creates oc-
clusion and shadow zones behind objects, as illustrated in Figure 6. In the proof-
of-concept setup, packages could occlude a human operator from a single scanner. 
This was mitigated by adding a second scanner near the package drop zone, but 
occlusion remains a fundamental limitation of 2D sensing and may require re-
dundant sensor placement or volumetric sensing. 

 

 
Figure 6. Illustration of shadow zones created by 2D LiDAR. Objects positioned behind 
other objects may be occluded from a single 2D LiDAR viewpoint. Additional sensors or 
volumetric sensing can mitigate this issue. 

 
Second, the filter margin is safety-critical. A margin that is too small reduces 

filtering robustness, while a margin that is too large may mask nearby human 
body parts. The proof of concept used a 100 mm total margin, implemented as 50 
mm inside and 50 mm outside the expected object contour. This value was se-
lected from the scanner accuracy and resolution requirements of the prototype: it 
had to exceed the expected measurement and calibration uncertainty, while re-
maining small enough to preserve leg detections close to the object. No complete 
masking was observed under the tested configurations, including a foot placed as 
close as possible to the package, but this result is configuration-dependent. De-
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ployment would require formal margin analysis based on sensor resolution, object 
dimensions, body-part dimensions, scanner placement, localization error, timing 
uncertainty, and worst-case occlusion geometry. 

Inverse detection should therefore be interpreted as a filtering principle that 
supports object selectivity before safety-zone evaluation, not as a complete safety 
function by itself. The safety-related performance of a deployed system still de-
pends on the complete chain: sensing, communication, computation, diagnostics, 
actuation, and integration with the safety controller. 

5. Conclusions  

This paper introduced inverse detection, a deterministic object-filtering principle 
for improving selectivity in zone-based industrial safety monitoring. Instead of 
proving that a detected object is human, the method treats all detections as hu-
man-equivalent by default and filters only detections associated with known non-
human objects after deterministic verification. 

The framework defines verification levels for fixed structures, robot-manipulated 
objects, communicating mobile systems, and human-equivalent detections. Filter-
ing is allowed only while geometry, pose, communication status, and measured sen-
sor data remain consistent. Humans, unknown objects, displaced objects, commu-
nication failures, and failed verifications remain human-equivalent and are for-
warded to the downstream safety-zone evaluation layer. 

A proof-of-concept implementation in an industrial robot cell showed that ver-
ified packages and mobile objects could be filtered from the zone-state evaluation, 
while humans and unknown objects remained active. The system also returned to 
conservative behavior when objects were displaced, filter regions became empty, 
or communication and geometric consistency were lost. 

The implementation is not a certified safety function, but it demonstrates the 
feasibility of the inverse-detection principle under representative geometric and 
communication conditions. Future work should focus on safety-rated sensing, 
validated communication, timing and diagnostic analysis, formal software verifi-
cation, filter-margin validation, and occlusion mitigation. Inverse detection there-
fore provides a practical foundation for improving object selectivity in shared in-
dustrial workspaces without relying on probabilistic human classification as the 
primary safety mechanism. 
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