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Abstract 

Industrial visual inspection requires not only accurate segmentation but also reliable and 
traceable decision making, since incorrect automatic refinements may lead to downstream 
manufacturing failures. Although segmentation foundation models achieve strong seg-
mentation accuracy, they provide limited support for assessing whether refinement ac-
tions should be accepted, rejected, or escalated before deployment. To address this chal-
lenge, we propose AgenticInspect, a hybrid-audited agentic inspection framework that 
reformulates segmentation refinement as an action-level, risk-aware decision process. 
AgenticInspect treats an edge-deployable segmentation model as a replaceable skill. 
Based on the output of the segmentation skill, AgenticInspect introduces three task-spe-
cific decision modules, including uncertainty- and geometry-guided candidate genera-
tion, train-learned gating for high-risk refinement actions, and hybrid audit for risk-con-
trolled mask selection. The hybrid audit layer integrates deterministic safety rules, train-
learned safety gates, and selective large language model (LLM) review. The proposed 
framework provides action-level risk control and auditable decision making, with a trace-
able rationale for accepting, rejecting, or escalating candidate refinements. AgenticInspect 
was evaluated on a labeled connector-inspection dataset. The proposed refinement pipe-
line improved IoU from 0.9189303 to 0.9190180. The full hybrid policy reduced degraded 
refinements from 14 to 12 while maintaining nearly all performance gains (IoU = 
0.9190131). Audit-component ablation attributes the observed reduction in IoU-degrading 
outputs to the train-learned risk veto, while LLM review serves as a selective, structured, 
and auditable assistive interface rather than an independently validated source of auto-
matic improvement. These results position AgenticInspect as a risk-aware inspection 
framework that converts static segmentation outputs into auditable refinement decisions. 

Keywords: Agentic AI; segmentation refinement; risk-aware decision making; hybrid au-
dit; visual inspection; connector manufacturing 
 

1. Introduction 
With the rapid development of electric vehicles [1], aerospace electronics [2], data 

centers [3], and 5G/6G communication systems [4], interconnection structures are 
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becoming increasingly compact, high-density, and design-diverse. Electronic interconnec-
tion manufacturing plays a fundamental role in signal and power transmission in elec-
tronic systems. In the electronic interconnection manufacturing process, conductor align-
ment inspection is a critical vision task before welding, because the relative position be-
tween the exposed conductor and the target joining region directly affects contact area, 
joining stability, and downstream process quality. Especially, conductor alignment in-
spection remains challenging in real-world production environments. The target conduc-
tive structures are usually small, reflective, and sensitive to variations in wire posture, 
terminal geometry, surface condition, illumination, and imaging setup. Conductor mis-
placement may lead to insufficient overlap, asymmetric joining, repeated process adjust-
ment, or rework. In addition, product upgrades and design changes can introduce sub-
stantial variations in conductor count, spatial layout, and visual appearance. Traditional 
manual inspection is inefficient and difficult to standardize, while rule-based machine vi-
sion methods are often sensitive to threshold settings, background interference, and prod-
uct-specific geometric assumptions. These limitations motivate deep-learning-based vis-
ual inspection methods that can localize conductor regions and extract alignment-related 
geometric features from industrial images. 

Segmentation methods have been regarded as potential technology because pixel-
level masks can provide detailed features, including conductor area, centerline, spacing, 
boundary position, and overlap with the intended joining region. Recent segmentation 
foundation models [5] and lightweight edge-deployable variants [6] have further im-
proved the feasibility of mask generation in industrial applications. In practice, however, 
raw segmentation outputs are often refined using adaptive thresholding, morphological 
operations, connected-component filtering, and task-specific geometric constraints before 
being used for downstream inspection decisions. Although these refinement operations 
can improve average segmentation quality, they may also degrade individual samples by 
removing valid conductor regions, expanding masks into background areas, or altering 
fine geometric boundaries. Such sample-level degradations are particularly risky when 
segmentation outputs are directly connected to automatic alignment judgment or process 
feedback. 

Therefore, conductor alignment inspection requires more than a strong segmentation 
model. It requires a risk-aware refinement mechanism that can determine whether a can-
didate mask should be trusted, whether proposed refinement should be rejected, and 
whether an uncertain case should be escalated for human review. This motivates a shift 
from static mask generation to auditable segmentation decision making. Instead of treat-
ing post-processing as a fixed sequence of operations, the inspection system should main-
tain an explicit inspection state, evaluate candidate refinements, control high-risk actions, 
and provide traceable reasons for accepting or rejecting a refined mask. To address this 
problem, we propose AgenticInspect, a hybrid-audited agentic segmentation refinement 
framework for risk-aware smart inspection that wraps a frozen segmentation model as a 
replaceable skill and augments it with stateful planning, candidate refinement, hybrid au-
diting, fallback control, and interpretable inspection traces. Our contributions can be con-
cluded three-fold as follows: 

1. We introduce a compact refinement pipeline consisting of uncertainty-aware base 
refinement, geometry-guided candidate generation, and train-learned risky-action 
gating. 

2. We design a selective hybrid audit layer that combines deterministic safety rules, 
train-learned risk veto, and local LLM-based structured review for accept/reject/hu-
man-review decisions. 
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3. We provide five-fold cross-validation and audit-component ablations showing that 
hybrid auditing reduces harmful degraded cases while preserving most of the mean-
IoU gain introduced by action-gated risky refinement. 

2. Related Work 
2.1. Industrial Visual Inspection and Deployment Reliability 

Industrial visual inspection requires more than high average predictive accuracy. In 
electronic interconnection manufacturing, localized segmentation errors may propagate 
into geometric measurements, alignment estimation, or downstream pass–fail decisions. 
Therefore, occasional severe failures can be more consequential than small changes in 
mean intersection over union (IoU). Existing studies on printed circuit board and electrical 
connector inspection have demonstrated the value of deep learning for automated defect 
localization and component analysis [7]. Industrial anomaly-detection benchmarks have 
similarly encouraged pixel-level evaluation under realistic manufacturing conditions [8]. 

Nevertheless, most existing inspection approaches optimize detection or segmenta-
tion performance while treating the generated output as the final system response. Lim-
ited attention has been given to determining whether an automatically generated refine-
ment should be accepted, rejected, or replaced by a safer fallback. This distinction is im-
portant because a refinement operation may improve some masks while degrading others. 
Consequently, reliable deployment requires explicit control over refinement actions rather 
than unconditional post-processing. AgenticInspect addresses this deployment gap by 
formulating segmentation refinement as a risk-aware inspection decision problem in 
which candidate actions are evaluated before they affect the final inspection output. 

2.2. Promptable Segmentation Foundation Models as Inspection Skills 

The Segment Anything Model (SAM) introduced promptable segmentation through 
point, box, and mask prompts and demonstrated strong transferability across diverse vis-
ual domains [5]. Its general-purpose mask-generation capability makes it attractive as a 
reusable perception component in industrial inspection systems. However, the original 
SAM relies on a computationally expensive vision-transformer encoder, which limits its 
direct use in latency- or resource-constrained manufacturing environments. 

Several efficient SAM variants have therefore been developed. MobileSAM replaces 
the original image encoder with a lightweight encoder trained through decoupled distil-
lation [9]. FastSAM reformulates segment-anything inference using a convolutional in-
stance-segmentation architecture [10]. EdgeSAM introduces a selective knowledge distil-
lation method for deployment on edge devices [11], while EfficientSAM employs masked-
image pretraining to obtain lightweight promptable segmentation models [12]. These de-
velopments substantially improve the accessibility of promptable segmentation for real-
time and edge applications. 

Despite their efficiency, these models primarily generate masks in response to 
prompts. They do not inherently determine whether a task-specific refinement is benefi-
cial, whether a resulting geometry is plausible, or whether the refined output should be 
trusted for downstream manufacturing decisions. In AgenticInspect, the frozen segmen-
tation foundation model is therefore treated as a replaceable inspection skill, rather than 
as the complete inspection system. The primary contribution lies in controlling and audit-
ing how this skill is invoked and how its candidate outputs are selected. 

2.3. Uncertainty-Aware Refinement and Selective Decision Making 

Segmentation refinement commonly employs threshold adjustment, morphological 
operations, connected-component filtering, hole filling, and removal of small regions. 
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These procedures can correct local defects and enforce task-specific geometric priors, but 
their effectiveness depends on the input mask and object geometry. An operation that 
improves an incomplete mask may over-expand or distort an already accurate prediction. 
Consequently, fixed post-processing pipelines cannot guarantee monotonic improvement 
for every sample. 

Uncertainty estimation provides one mechanism for identifying unstable predictions. 
Bayesian SegNet estimates pixel-level uncertainty through Monte Carlo dropout [13], 
while deep ensembles provide a scalable approach to predictive uncertainty and distribu-
tion-shift awareness [14]. However, high confidence does not necessarily imply correct-
ness because modern neural networks can produce poorly calibrated probabilities [15]. 
Confidence-derived features should therefore be interpreted as decision evidence rather 
than as absolute reliability guarantees. 

Selective prediction extends this principle by allowing a model to abstain from pre-
dictions for which the expected risk is high. SelectiveNet jointly learns prediction and se-
lection functions to control the trade-off between coverage and predictive risk [16]. Selec-
tive segmentation further adapts this idea to dense prediction, where uncertain pixels or 
samples can be withheld, referred, or processed through alternative mechanisms [17]. 
These studies demonstrate that practical deployment objectives may differ from maxim-
izing average segmentation accuracy over all inputs. 

AgenticInspect is related to selective prediction but operates at the refinement-action 
level. Instead of deciding only whether to issue a segmentation prediction, it evaluates 
whether a candidate thresholding or geometry-based action should replace the existing 
mask. The system can preserve the current result, accept a candidate refinement, or invoke 
a safer fallback. This formulation connects uncertainty-aware segmentation with risk-con-
trolled action selection and enables the effects of automatic refinement to be evaluated 
through beneficial, unchanged, and harmful outcomes. 

2.4. Agentic and Hybrid-Audited Inspection Workflows 

Agentic AI systems organize models and external tools into structured perception, 
reasoning, action, and feedback workflows. ReAct demonstrated that interleaving reason-
ing traces with tool actions can improve task execution and interpretability [18]. Reflexion 
introduced feedback-based reflection over previous outcomes [19], while Self-Refine 
showed how generated outputs can be iteratively evaluated and revised using explicit 
feedback [20]. These methods establish the broader concept of treating an intermediate 
model output as a state that can be examined and acted upon rather than as an immutable 
final answer. 

Agent-based approaches have also begun to appear in manufacturing applications. 
Large-language-model agents have been used to invoke deterministic process-planning 
tools and execute multistep manufacturing workflows [21], while recent multi-agent man-
ufacturing systems use modular agents to support adaptive shop-floor decisions [22]. 
However, unrestricted language-model reasoning is difficult to justify as the sole safety 
mechanism for precision inspection because its decisions may be nondeterministic and 
difficult to validate. 

AgenticInspect therefore adopts a bounded and task-specific form of agency. The 
framework invokes specialized segmentation and refinement skills, represents intermedi-
ate masks and geometric measurements as explicit states, records action decisions, and 
audits candidate refinements before deployment. Its hybrid audit combines deterministic 
constraints, a learned risk veto, and an optional language-model-based interpretation 
layer. The language model provides contextual explanation and escalation support, 
whereas the primary deployment safeguards remain grounded in measurable mask prop-
erties and validated decision policies. This design distinguishes AgenticInspect from both 
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unconditional segmentation pipelines and unconstrained general-purpose agents, and the 
resulting functional differences are summarized in Table 1. 

Table 1. Functional comparison between conventional segmentation methods and AgenticInspect. 

Method Segmentation Refinement Risk Control Explainable Human Review 
SAM ✓ - - - - 

MobileSAM ✓ - - - - 
Morphology - ✓ - - - 

CRF - ✓ - - - 
Agent 

Framework ✓ ✓ Partial Partial Optional 

AgenticInspect 
(Ours) ✓ ✓ ✓ ✓ ✓ 

3. Methodology 
3.1. Problem Formulation 

Given an input image 𝐼, a frozen segmentation skill S produces a probability map: 𝑃 = 𝑆ሺ𝐼ሻ.      (1) 

Applying a predefined fixed threshold 𝜏଴ yields the raw segmentation mask: 𝑀଴ = 𝟙ሾ𝑃 ≥ 𝜏଴ሿ.      (2) 

An uncertainty-aware threshold policy 𝜋்  selects an image-specific threshold 𝜏௜ and produces the adaptive-threshold mask: 𝑀஺ = 𝟙ሾ𝑃 ≥ 𝜏௜ሿ, 𝜏௜ = 𝜋்ሺ𝑃ሻ.      (3) 

Based on 𝑀஺ , the candidate-generation stage produces conservative geometry-
guided candidates and higher-risk morphology-based candidates. A geometry selector 
produces a conservative geometry-safe mask 𝑀ீ, while the train-learned action gate may 
select a candidate refinement mask 𝑀஼ associated with an action 𝑎஼: 𝑀ீ = 𝜋ீ൫𝒞ீሺ𝑀஺ሻ൯ ,      (4) ሺ𝑀௖ ,𝑎஼ሻ = 𝜋஺൫𝒞ோሺ𝑀஺ሻ൯ ,      (5) 

where 𝒞ீ  𝑎𝑛𝑑 𝒞ோ denote the conservative and higher-risk candidate sets, respectively. 
The hybrid audit policy evaluates the selected candidate using structural constraints, 

a train-learned risk veto, and optional LLM-assisted review: 𝑑 = 𝜋ுሺ𝑀஺,𝑀ீ ,𝑀஼ ,𝑎஼ , 𝐱ሻ ,      (6) 

where 𝐱 denotes the probability-, mask-, and geometry-derived decision features, and 𝑑 ∈ ሼ𝙰𝚄𝚃𝙾_𝙰𝙲𝙲𝙴𝙿𝚃,𝙰𝚄𝚃𝙾_𝚁𝙴𝙹𝙴𝙲𝚃,𝙷𝚄𝙼𝙰𝙽_𝚁𝙴𝚅𝙸𝙴𝚆ሽ.      (7) 

Under the main hybrid policy, the final automatic mask is defined as follows: 

𝑀∗ = ⎩⎨
⎧𝑀ீ , if no higher-risk action is selected,𝑀஼ , if 𝑑 = 𝙰𝚄𝚃𝙾_𝙰𝙲𝙲𝙴𝙿𝚃,𝑀஺, if 𝑑 = 𝙰𝚄𝚃𝙾_𝚁𝙴𝙹𝙴𝙲𝚃,𝑀஺, if 𝑑 = 𝙷𝚄𝙼𝙰𝙽_𝚁𝙴𝚅𝙸𝙴𝚆,       (8) 

where 𝙷𝚄𝙼𝙰𝙽_𝚁𝙴𝚅𝙸𝙴𝚆  additionally triggers escalation for manual inspection. Alterna-
tive deployment policies may instead use 𝑀ீ as a fallback mask. 
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A conventional segmentation system is commonly evaluated by maximizing average 
segmentation quality: 

maxగ 1𝑁෍ IoUሺ𝑀௜∗,𝐺௜ሻே
௜ୀଵ .      (9) 

However, mean IoU alone may conceal sample-level degradation caused by auto-
matic refinement. We therefore define the change relative to the fixed-threshold raw mask 
as follows: Δ௜ሺ଴ሻ = IoUሺ𝑀௜∗,𝐺௜ሻ − IoU൫𝑀଴,௜ ,𝐺௜൯.      (10) 

To isolate the effect of post-threshold candidate refinement and auditing, we addi-
tionally define the following: Δ௜ሺ஺ሻ = IoUሺ𝑀௜∗,𝐺௜ሻ − IoU൫𝑀஺,௜ ,𝐺௜൯ . (11) 

Given a numerical tolerance ϵ, each sample is categorized as Equation (12): Better௜ = 𝟙ሾΔ௜ > 𝜖ሿ 
Same௜ = 𝟙ሾ|Δ௜| ≤ 𝜖ሿ 

Worse௜ = 𝟙ሾΔ௜ < −𝜖ሿ (12)

Degradation rate is calculated as Equation (13): 

𝑅ୢୣ୥ = 1𝑁෍𝟙ே
௜ୀଵ ሾΔ௜ < −𝜖ሿ (13) 

Worst observed drop is defined as Equation (14): 𝐷୵୭୰ୱ୲ = min௜ Δ௜ (14) 

AgenticInspect is therefore evaluated using complementary objectives: preserving or 
improving mean segmentation quality while reducing the frequency and severity of 
harmful automatic refinements. The framework does not claim a formal safety guarantee; 
instead, it provides empirical action-level risk control through selective acceptance, rejec-
tion, and fallback. 

3.2. AgenticInspect Framework 

Figure 1 illustrates the overall architecture of AgenticInspect. The framework consists 
of six stages: input image, frozen segmentation-skill inference, uncertainty-aware 
threshold selection, candidate generation, hybrid auditing, and final output generation. 
Intermediate features and decisions are maintained in the inspection state and recorded 
in the decision trace to support subsequent refinement and audit decisions. 

Given an input connector image, the frozen segmentation skill first produces a 
probability map (𝑃). In our implementation, the segmentation skill is instantiated using 
EdgeSAM exported to ONNX. The uncertainty-aware threshold gate then selects an 
image-specific threshold according to probability-derived uncertainty and context 
features, producing the adaptive-threshold mask (𝑀஺). 
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Figure 1. Overall framework of AgenticInspect. The framework consists of five stages: segmentation, 
uncertainty-aware mask generation, candidate generation, hybrid auditing, and final decision mak-
ing. Ambiguous predictions are refined through candidate masks and evaluated using both rule-
based verification and LLM-assisted review before producing the final output. 

The candidate-generation stage constructs two types of refinement proposals from 
the adaptive-threshold mask (𝑀஺ ). Conservative geometry-guided operations, such as 
closing, hole filling, and component filtering, are used to obtain a geometry-safe mask 
(𝑀ீ ). In parallel, higher-risk morphology-based candidates, including erosion and 
dilation, are generated and controlled by the train-learned action gate before they can be 
considered for final selection. 

If no high-risk action is selected, the geometry-safe mask (𝑀ீ) is retained. Otherwise, 
the action-gated high-risk candidate is forwarded to the hybrid audit module for risk-
controlled selection. The audit combines deterministic structural checks, a train-learned 
risk veto, and selective LLM review. Depending on the audit outcome, the candidate may 
be automatically accepted, automatically rejected, or escalated for human review. Under 
the main hybrid policy, rejected or escalated high-risk candidates fall back to the adaptive-
threshold mask (𝑀஺). 

The framework finally outputs the selected segmentation mask together with a 
decision trace (𝑇). The trace records the audit outcome, risk level, and fallback source, 
providing an interpretable record of how the final inspection result was obtained. 

Figure 2 provides a detailed view of the hybrid audit and fallback policy. An action-
gated high-risk candidate is first evaluated by deterministic structural checks and a train-
learned risk veto. Candidates that fail either stage are automatically rejected and revert to 
the adaptive-threshold mask ( 𝑀஺ ). Candidates that pass both stages are either 
automatically accepted or, when additional review is required, forwarded to the selective 
LLM auditor. The LLM can return AUTO_ACCEPT, AUTO_REJECT, or 
HUMAN_REVIEW. Accepted candidates are used as the final mask, whereas rejected 
candidates fall back to 𝑀஺ ; HUMAN_REVIEW also preserves 𝑀஺  as the automatic 
output while escalating the case for manual inspection. The resulting decision and fallback 
information are recorded in the decision trace. 
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Figure 2. Hybrid audit and fallback policy. 

3.3. Uncertainty-Aware and Geometry-Guided Candidate Generation 

The candidate-generation stage produces a set of refinement proposals based on both 
probabilistic uncertainty information and task-specific geometric priors. As shown in 
Figure 1, the process consists of four steps: segmentation-skill inference, uncertainty-
aware threshold selection, candidate refinement generation, and geometry-based 
candidate scoring. The resulting candidates are subsequently evaluated by the train-
learned action gate and the hybrid audit module. 

3.3.1. Segmentation Skill 

In our implementation, we instantiate the segmentation skill using EdgeSAM 
exported to ONNX. The deployed model adopts an EfficientViT-B0 encoder with a binary 
segmentation head, and the checkpoint achieving the highest validation IoU is selected. 
The model uses an input resolution of 1024 and is kept frozen throughout all experiments. 
Input images are converted to RGB, scaled to [0,1], and resized to the configured input 
resolution using bilinear interpolation, without ImageNet mean/std normalization. The 
segmentation skill then performs ONNX inference, converts the output logits to 
probabilities using a sigmoid function, resizes the probability map to the original image 
resolution, and applies the subsequent thresholding strategy to obtain the initial mask. 
Importantly, thresholding is performed after probability resizing rather than on the low-
resolution output before resizing. 
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Although we use EdgeSAM in this study, AgenticInspect is not tied to a specific 
segmentation model. Other SAM-like models, task-specific segmentors, or probability-
producing segmentation networks can be used as alternative segmentation skills. 

3.3.2. Uncertainty-Aware Threshold Gate 

The threshold gate selects a binarization threshold using features extracted from the 
probability map. Candidate thresholds are evaluated on the training split, and simple 
rules are learned to choose when to deviate from the default threshold. The threshold 
features include probability statistics and threshold-sensitivity descriptors, such as the 
following: 

• Probability mean and quantiles. 
• Foreground area at candidate thresholds. 
• Area drop between thresholds. 
• Uncertain probability bands. 

The gate is fitted exclusively using the training samples of each cross-validation fold 
and is applied to the corresponding held-out samples without using their ground-truth 
labels. 

3.3.3. Geometry Scoring 

After obtaining an initial mask, AgenticInspect generates a set of candidate 
refinements. To rank candidate refinements, AgenticInspect computes a geometry score 
using multiple structural indicators derived from the mask geometry. These indicators 
include component count, area consistency, spacing consistency, size consistency, center 
distance, and noise penalty. Component count measures agreement with the expected 
number of pin components. Area consistency evaluates the similarity of component areas. 
Spacing consistency measures the regularity of adjacent pin spacing. Size consistency 
evaluates variation in component size. Center distance measures deviations of component 
centroids from the expected layout. Noise penalty discourages isolated artifacts and 
spurious components. Candidate refinements with higher geometry scores are preferred 
during geometry-guided refinement. These include conservative operations: 

• Small-component removal. 
• Hole filling. 
• Morphological opening and closing. 
• Keeping the largest expected components. 
• Combinations of closing, cleaning, and component filtering. 

The candidate set also includes higher-risk actions such as erosion and dilation. 
These actions can improve masks in some cases but may also damage boundary quality 
or component structure. Therefore, they are controlled by the train-learned action gate 
and the audit module. 

3.4. Train-Learned Gating for High-Risk Refinement Actions 

The action gate determines when high-risk operations such as erode_3 × 3 and di-
late_3x3 are allowed. For each training sample, candidate action features are computed 
relative to the initial mask, and the action’s IoU change is measured using the training 
ground truth. The gate then learns simple univariate rules that identify cases where a risky 
action is likely to help. 

For the main EfficientViT-B0 1024 model on the development training split, the action 
gate learns two rules: 

• erode_3 × 3: delta.mask_ratio >= −0.0012749466. 
• dilate_3 × 3: delta.compactness <= 0.0005842897. 
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These rules are reported as interpretable examples from the development analysis 
and can be audited directly. In the five-fold cross-validation experiments, the action-gat-
ing rules were re-estimated independently using only the training samples of each fold. 
Only candidates satisfying the learned gating criteria were allowed to proceed to the hy-
brid audit stage. 

3.5. Hybrid Audit for Risk-Controlled Mask Selection 

The audit skill reviews the selected refinement and produces: 

• AUTO_ACCEPT. 
• AUTO_REJECT. 
• HUMAN_REVIEW. 

The hybrid policy applies three audit layers. First, deterministic safety checks reject 
structural violations such as unexpected component changes, added border contact, or 
increased fragments and holes. Second, a train-learned risk veto detects interpretable 
high-risk action patterns that produce degradation on training candidates. Third, only un-
resolved erosion or dilation proposals are sent to a local LLM auditor. The LLM auditor 
uses a fixed instruction template with dynamically inserted structured inputs, including 
the initial and refined mask features, selected action, candidate quality scores, refinement 
attempts, gating information, and the rule-based fallback audit result. The prompt speci-
fies the expected four-component pin topology and conservative acceptance criteria and 
requires a structured JSON output of AUTO_ACCEPT, AUTO_REJECT, or HUMAN_RE-
VIEW. The detailed format is listed in Appendix A. 

The strict automatic policy accepts only AUTO_ACCEPT. Under the main hybrid 
policy, both AUTO_REJECT and HUMAN_REVIEW return the adaptive-threshold mask 𝑀஺ as the automatic output. HUMAN_REVIEW additionally triggers manual escalation. 
Alternative geometry-safe fallback policies using 𝑀ீ are evaluated in Section 5.2. This 
design separates refinement exploration from deployment-safe behavior and limits LLM 
involvement to ambiguous risky actions. 

AgenticInspect outputs the final mask, overlay artifacts, extracted features, selected 
actions, audit decisions, risk levels, and an agent trace. This trace makes the inspection 
process auditable: users can see which skill was invoked, which action was selected, and 
why a refinement was accepted or rejected. 

4. Experiments Setup 
4.1. Dataset 

We evaluate AgenticInspect on a pin segmentation inspection task containing 238 
labelled images. The dataset consists of two naming conventions: 100 images indexed as 
1–100 and 138 images indexed as 001_0321-138_0321. These identifiers correspond to dis-
tinct inspection samples and should not be interpreted as belonging to the same instance 
(e.g., 001 and 001_0321 represent different samples). Each image corresponds to a distinct 
inspection sample. 

For formal evaluation, we use five-fold cross-validation, producing held-out folds 
containing 48, 48, 48, 47, and 47 images. The dataset contains two subsets with different 
naming conventions (1–100 and 001_0321–138_0321). Fold assignment was performed to 
ensure that samples from both subsets were represented in each fold, thereby maintaining 
a similar data composition across the evaluation splits. In each fold, threshold, action, and 
risk-veto gates are learned using only the corresponding training folds, and performance 
is reported on the unseen fold. 

The previously explored 190/48 split was used during methodological development 
for diagnostic analysis, including candidate-operation design, feature exploration, and 
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module-level evaluation. Because these samples are also included in the subsequent five-
fold cross-validation dataset, results from this split are reported only as exploratory evi-
dence and should not be interpreted as independent validation. The cross-validation re-
sults are therefore treated as out-of-fold internal validation of the finalized pipeline rather 
than as evaluation on a fully untouched external test set. 

4.2. Evaluation Metrics 

To evaluate both segmentation quality and refinement reliability, we report the mean 
intersection over union (IoU), IoU gain relative to the comparison baseline, Bet-
ter/Same/Worse counts, and the worst observed IoU drop. 

Mean IoU measures the overall segmentation quality across the evaluation set. To 
assess sample-level refinement behavior, the IoU change for each sample is categorized as 
Better, Same, or Worse according to a numerical tolerance ϵ. Two comparison baselines 
are used. First, end-to-end performance is evaluated relative to the fixed-threshold raw 
segmentation output M0, which captures the cumulative effect of the complete AgenticIn-
spect pipeline. Second, post-threshold refinement is evaluated relative to the adaptive-
threshold mask MA, allowing the effects of geometry refinement, action gating, and hy-
brid auditing to be isolated from improvements introduced by adaptive threshold selec-
tion. Better/Same/Worse are therefore defined using per-sample IoU changes and quantify 
pixel-overlap improvement or degradation rather than task-specific geometric reliability. 
Qualitative geometry analysis is used separately to examine cases in which IoU improve-
ment may not correspond to more suitable inspection geometry. 

The number of worse cases are used to quantify the frequency of harmful automatic 
refinements, while the worst observed IoU drop measures the largest sample-level degra-
dation. These metrics complement mean IoU by distinguishing average segmentation im-
provement from refinement risk at the individual-sample level. 

4.3. Implementation Details 

We use ONNX Runtime for segmentation inference. We evaluate EfficientViT-B0, 
MobileNetV3-small, ResNet18, and ResNet34 variants at 512 and 1024 input resolutions 
on the development split. EfficientViT-B0 1024 achieves the strongest raw IoU in that com-
parison and is therefore selected as the backbone configuration for the EdgeSAM segmen-
tation skill used in the cross-validation experiments of the full policy. The predefined 
baseline threshold is 0.45. Candidate morphology uses small kernels such as 3 × 3, 5 × 5, 
and 7 × 7. In cross-validation, threshold, action, and veto rules are retrained from scratch 
within each training fold only. The threshold gate searches for single-feature rules over 
probability-derived features to select thresholds from 0.20 to 0.80. Rules require at least 
five training samples, a mean IoU gain above 0.0005, and at most two degraded cases; up 
to four rules are retained. The action gate learns separate geometry-based rules for 3 × 3 
erosion and dilation, requiring at least eight samples, a mean gain above 0.0002, and at 
most three degraded cases. Eligible rules are ranked by training IoU gain with penalties 
for degradation. The risk veto searches for up to two-condition rules among action-gate-
permitted candidates, retaining rules that prevent net IoU loss without rejecting improv-
ing training cases. At inference, unmatched threshold rules retain the default threshold of 
0.45, while vetoed refinements revert to the adaptive input mask. All rules are fitted using 
only the training folds. For selective hybrid auditing, local Ollama LLMs are queried de-
terministically with temperature zero and a fixed seed. 
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5. Results 
5.1. Main Results 

Table 2 reports the five-fold cross-validation results over 238 out-of-fold predictions. 
The complete AgenticInspect pipeline consists of adaptive thresholding, geometry-
guided refinement, a train-learned action gate, and hybrid auditing. The LLM-based con-
figurations use deterministic judgments generated by qwen2.5:7b-instruct. Adaptive 
thresholding contributes most of the accuracy gain, while geometry refinement improves 
four additional out-of-fold cases without introducing additional degraded cases. The ac-
tion gate obtains the highest mean IoU but increases degraded cases from eight to four-
teen. LLM-only auditing accepts all selected high-risk proposals in this evaluation and 
therefore does not change the action-gate result. In contrast, hybrid rejects five risk-
flagged proposals and reduces degraded cases from fourteen to twelve, at a small IoU cost 
of 0.0000049 relative to the action-gate policy. This establishes hybrid primarily as a risk-
mitigation layer. Here, ϵ are set as 10ିଵଶ  for Better/Same/Worse classification. The 
reduction in degraded cases persists at tolerances of 10ିହ and 10ିସ, indicating that it is 
not solely attributable to numerical precision. However, both methods yield eight 
degraded cases at 10ିଷ , showing that the observed advantage in degradation counts 
depends on the tolerance used to define degradation 

To separate the effects of refinement from those of adaptive threshold selection, Table 
3 compares all post-threshold refinement policies using the same adaptive-threshold out-
put as the baseline. The controlled comparison shows that conservative geometry refine-
ment introduces no additional degradation after adaptive thresholding. The hybrid policy 
retains most of the action-gate gain while reducing the number of harmful post-threshold 
refinements from six to four relative to both the action-gate-only and LLM-only policies. 
Figure 3 further illustrates the sample-dependent effects of morphology-based refinement 
and the limitations of IoU as the sole evaluation criterion. In the first two examples, 3 × 3 
dilation substantially reduces IoU, whereas 3 × 3 erosion improves the segmentation out-
puts. In the third example, both operations increase IoU, with dilation producing the 
larger numerical improvement from 0.9041 to 0.9326. However, the dilated mask intro-
duces geometrically undesirable boundary expansion that may bias downstream meas-
urements of conductor width, spacing, or alignment. This example demonstrates that a 
higher IoU does not necessarily correspond to a more reliable mask for industrial inspec-
tion. Consequently, evaluating refinement quality solely according to IoU may favor 
masks that are numerically improved but operationally unsuitable for downstream in-
spection. This discrepancy motivates the joint consideration of pixel-level overlap and 
task-specific geometric consistency through geometry-aware action selection and risk-
aware auditing. 

Table 2. Comparison performance of AgenticInspect and baseline models. 

Adaptive  
Threshold Geometry 

Action 
Gate Audit IoU ΔIoU vs. Raw Better/Same/Worse 

Worst-Case 
ΔIoU 

– – – – 0.9189303 0 0/238/0 0 
✓ – – – 0.9189860 +0.0000556 12/218/8 −0.0041466 
✓ ✓ – – 0.9189953 +0.0000650 16/214/8 −0.0041466 
✓ ✓ ✓ – 0.9190180 +0.0000877 22/202/14 −0.0058220 
✓ ✓ ✓ LLM-only 0.9190180 +0.0000877 22/202/14 −0.0058220 
✓ ✓ ✓ Hybrid 0.9190131 +0.0000828 23/203/12 −0.0058220 
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Figure 3. Qualitative comparison of morphology-based segmentation refinement outcomes. From 
left to right: ground-truth masks, original segmentation outputs, 3 × 3 dilation candidates, and 3 × 3 
erosion candidates. The examples demonstrate that the same morphological operation may improve 
or degrade segmentation quality across different samples, motivating risk-aware action selection 
and auditing. 

Table 3. Effect of refinement policies after adaptive threshold selection. 

Geometry Action Gate Audit ΔIoU vs. Adaptive Better/Same/Worse 
✓ – – +0.0000093 5/233/0 
✓ ✓ – +0.0000320 15/217/6 
✓ ✓ LLM-only +0.0000320 15/217/6 
✓ ✓ Hybrid +0.0000271 12/222/4 

5.2. Audit Component and Safe-Fallback Ablation 

Table 4 summarizes the audit-component ablation results under cross-validation. To 
determine which audit component contributes to the reduction in harmful automatic re-
finements, different decision-layer variants are evaluated on the same set of action-gated 
refinement proposals. All reported values are computed from out-of-fold samples. 

Table 4. Audit component ablation study results. 

Audit Policy After Action 
Gate 

IoU Gain vs. Raw Better/Same/Worse vs. 
Raw 

Better/Same/Worse vs. 
Adaptive 

No Audit 0.9190180 +0.0000877 22/202/14 15/217/6 
Hard Rule Only 0.9190180 +0.0000877 22/202/14 15/217/6 

LLM Only 0.9190180 +0.0000877 22/202/14 15/217/6 
Risk Veto Only 0.9190131 +0.0000828 23/203/12 12/222/4 

Risk Veto + LLM 0.9190131 +0.0000828 23/203/12 12/222/4 
Full Hybrid: Hard Rule + Risk 

Veto  
+ LLM 

0.9190131 +0.0000828 23/203/12 12/222/4 



Electronics 2026, 15, 4767 14 of 20 
 

https://doi.org/10.3390/electronics15204767 

The ablation shows that the reduction in harmful automatic outputs is supplied by 
the train-learned risk veto. Hard-rule and LLM-only audits do not alter any selected action 
under cross-validation. The full hybrid policy therefore preserves a structured LLM audit 
interface, but the measured automatic risk reduction in this experiment should be at-
tributed specifically to veto rules. 

In addition to the audit-component analysis, we investigate the effect of different 
fallback strategies when high-risk refinement proposals are rejected. Table 5 compares 
alternative fallback policies using the same cross-validation setting. 

Table 5. Comparison of fallback policies for rejected high-risk refinements. 

Automatic Policy IoU Gain vs. Raw Better/Same/Worse 
vs. Raw 

Better/Same/Worse vs. 
Adaptive 

Adaptive Threshold + Geometry Safe 
Base 0.9189953 +0.0000650 16/214/8 5/233/0 

Current Hybrid: Rejected Action to 
Adaptive 0.9190131 +0.0000828 23/203/12 12/222/4 

Hybrid-Safe: Rejected Action to Ge-
ometry 0.9190131 +0.0000828 23/203/12 12/222/4 

Strict-Safe: All High-Risk Actions to 
Geometry 0.9189953 +0.0000650 16/214/8 5/233/0 

Fallback to geometry does not change hybrid in the current evaluation because the 
geometry-selected output equals the adaptive mask on all five vetoed cases. A strict de-
ployment policy that routes every erosion/dilation proposal to the geometry-safe output 
eliminates all post-adaptive degradation but also gives up the additional action-gate gain. 

5.3. Development-Split Module Combination Ablation 

Using the previously explored 190/48 development split, we further test valid com-
binations of the proposed modules for diagnostic analysis. The results are listed in Table 
6. These combinations follow the framework dependency structure: an action gate oper-
ates on geometry-generated candidates, and hybrid auditing requires a proposed refine-
ment to review. Consequently, combinations such as action gate alone or hybrid audit 
alone are not operationally meaningful. 

Table 6. Development-split ablation of AgenticInspect module combinations. 

Adaptive 
Threshold Geometry Action Gate Hybrid Audit Val IoU Gain vs. Raw Better/Same/Worse 

- - - - 0.9167390 0.0000000 0/48/0 
- ✓ - - 0.9167396 +0.0000006 1/47/0 
- ✓ - ✓ 0.9167396 +0.0000006 1/47/0 
- ✓ ✓ - 0.9167851 +0.0000461 4/42/2 
- ✓ ✓ ✓ 0.9168671 +0.0001281 4/43/1 
✓ - - - 0.9169703 +0.0002313 8/36/4 
✓ ✓ - - 0.9169709 +0.0002319 9/35/4 
✓ ✓ - ✓ 0.9169709 +0.0002319 9/35/4 
✓ ✓ ✓ - 0.9169898 +0.0002508 8/33/7 
✓ ✓ ✓ ✓ 0.9170044 +0.0002654 9/33/6 

The development-split combination study provides three observations. First, adap-
tive thresholding is the dominant contributor to mean IoU. Second, hybrid auditing has 
no measurable effect when it receives only conservative geometry proposals: all such 
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proposals are automatically accepted. Third, hybrid auditing becomes useful once the ac-
tion gate introduces higher-risk proposals. These observations motivate the formal cross-
validation risk comparison in Sections 5.1–5.3 rather than serving as final generalization 
evidence. 

To distinguish independently executable modules from dependent decision mod-
ules, we report standalone or minimum-operational configurations, as shown in Table 7. 
Adaptive thresholding and geometry refinement can each transform a raw mask inde-
pendently. In contrast, the action gate requires generated candidates, and hybrid audit 
requires a candidate decision to audit. 

Table 7. Contribution of individual AgenticInspect modules under minimum-operational configu-
rations. 

Module of Interest 
Standalone  
Executable 

Evaluated  
Configuration 

Val IoU Gain vs. Raw 
Better/ 

Same/Worse 
Adaptive Threshold ✓ Adaptive Threshold only 0.9169703 +0.0002313 8/36/4 

Geometry-Guided Re-
finement 

✓ Geometry only 0.9167396 +0.0000006 1/47/0 

Train-Learned Action 
Gate 

- Geometry  
+ Action Gate 

0.9167851 +0.0000461 4/42/2 

Hybrid Audit - 
Geometry  

+ Action Gate  
+ Hybrid Audit 

0.9168671 +0.0001281 4/43/1 

Among genuinely standalone processing modules, adaptive thresholding supplies 
the largest gain, while geometry refinement supplies a small but degradation-free im-
provement. The action gate and hybrid audit should not be interpreted as standalone seg-
mentation operators: their reported minimum-operational configurations include the can-
didate-generation stages required for them to act. 

5.4. Segmentation-Skill and Input-Resolution Ablation 

We conduct the segmentation-skill comparison on the 48-image development split. 
To compare framework portability fairly across all skills, AgenticInspect in Table 8 applies 
the shared geometry-based candidate refinement module to each raw mask; formal cross-
validation full-policy results for EfficientViT-B0 1024 are reported in Section 5.1. The 1024 
skills outperform their 512 counterparts, confirming the importance of resolution for fine 
pin structures. EfficientViT-B0 1024 obtains the highest raw IoU in this development com-
parison and supports its selection as the skill used in cross-validation. The portable geom-
etry-only refinement is highly conservative. 

Table 8. Segmentation-skill and input-resolution comparison with conservative geometry refine-
ment on the development split. 

Model Input Size Raw IoU 
Geometry-Refined 

IoU  
Gain Better/Same/Worse 

EfficientViT-B0 512 0.8773247 0.8773250 +0.0000002 1/47/0 
MobileNetV3-small 512 0.8410514 0.8410513 −0.0000000 0/47/1 

ResNet18 512 0.7720336 0.7720336 0.0000000 0/48/0 
ResNet34 512 0.8051811 0.8051811 −0.0000000 0/47/1 

EfficientViT-B0 1024 0.9167390 0.9167396 +0.0000006 1/47/0 
MobileNetV3-small 1024 0.9150902 0.9150902 0.0000000 0/48/0 

ResNet18 1024 0.8967968 0.8968175 +0.0000206 1/47/0 
ResNet34 1024 0.8988614 0.8988614 0.0000000 0/48/0 
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5.5. Threshold Hyperparameter Ablation 

We ran a fixed-threshold diagnostic evaluation for the EfficientViT-B0 1024 skill on 
the 48-image development split. The results are listed in Table 9. The development-set 
sweep peaks at 0.50, only 0.0000078 IoU above the predefined 0.45 baseline. Lower thresh-
olds increase recall but reduce precision, while higher thresholds increase precision but 
reduce recall. We retained 0.45 as the predefined fixed raw reference used by the train-
learned pipeline. 

Table 9. Threshold sensitivity analysis of the EfficientViT-B0 1024 segmentation skill. 

Threshold Val IoU Precision Recall 
0.20 0.9145175 0.9420393 0.9691008 
0.25 0.9153942 0.9449578 0.9670077 
0.30 0.9159763 0.9474442 0.9650622 
0.35 0.9163852 0.9496780 0.9632058 
0.40 0.9166429 0.9517360 0.9613799 
0.45 0.9167390 0.9536487 0.9595399 
0.50 0.9167468 0.9554832 0.9576972 
0.55 0.9166741 0.9572879 0.9558097 
0.60 0.9164714 0.9590878 0.9538001 
0.65 0.9161141 0.9608800 0.9516467 

5.6. Development-Split Audit Case Study 

For interpretability, we retain a development-split case study comparing rule-only, 
LLM-only, and hybrid decisions from the same adaptive-threshold input mask. The LLM 
configurations use deterministic qwen2.5:7b-instruct generation. The results are listed in 
Table 10. Hybrid improves over LLM-only by 0.0000562 IoU and reduces degraded refine-
ment cases from three to two on this development split. Specifically, LLM-only accepts a 
harmful dilate_3x3 action on 125_0321, whereas the train-learned veto rule ini-
tial.pin_spacing_cv <= 0.0274411 rejects it, recovering 0.0026975 IoU for that sample. 
Here, pin_spacing_cv measures the relative variability of adjacent pin spacings, and it can 
be calculated as Equation (17): 

𝑝𝑖𝑛_𝑠𝑝𝑎𝑐𝑖𝑛𝑔_𝑐𝑣 =  ට 1𝑛 − 1∑ (𝑑௜ − 𝑑̅)ଶ௡ିଵ௜ୀଵ𝑑̅  
(17) 

where 𝑛 denotes the number of pins, 𝑑௜ denotes the spacing between adjacent pins, and 𝑑̅  denotes the mean spacing. This case illustrates the mechanism behind the broader 
cross-validation finding that hybrid reduces harmful risky-action acceptance. 

Table 10. Development-split comparison of audit policies. 

Audit Policy Val IoU Gain vs. Adaptive Input Better/Same/Worse Worst Drop 
Rule-only 0.9169703 0.0000000 0/48/0 0.0000000 

Action gate without audit 0.9169898 +0.0000195 3/42/3 −0.0034441 
LLM-only 0.9169482 −0.0000221 2/43/3 −0.0034441 

Hybrid rule + veto + LLM 0.9170044 +0.0000341 2/44/2 −0.0034441 

5.7. Remaining Failure Analysis 

On the development split, despite its improvement over LLM-only, hybrid still ac-
cepts two harmful refinements relative to its adaptive-threshold input. The first occurred 
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on sample 102_0321, where a dilate_3x3 operation decreased IoU by 0.0034441. The sec-
ond occurred on sample 126_0321, where an erode_3x3 operation decreased IoU by 
0.0009737. Furthermore, four end-to-end worse cases on this split are already introduced 
before the audit stage by adaptive threshold selection. This pattern is consistent with 
cross-validation, where adaptive thresholding produces eight worse out-of-fold cases and 
the full hybrid pipeline does not eliminate them. 

The remaining failure samples can be broadly categorized into two groups. First, 
some degradations originate from the adaptive-threshold selection stage before any mor-
phology refinement is applied. In these cases, the initial mask quality is already compro-
mised, and the subsequent audit mechanism cannot fully recover the error because no 
high-risk morphology action is responsible for the degradation. 

Second, a small number of harmful refinements remain after action selection and au-
diting. Visual inspection suggests that these samples typically exhibit ambiguous bound-
ary confidence, irregular conductor geometries, or local spacing patterns that resemble the 
characteristics of previously beneficial refinements. Consequently, they may not be effec-
tively identified by the current risk-veto criteria. These observations suggest that addi-
tional geometric descriptors, boundary-stability measures, or topology-consistency indi-
cators may further improve discrimination between beneficial and harmful refinements 
in challenging cases. 

6. Discussion 
The experiments show that the main value of AgenticInspect is not a large increase 

in mean segmentation accuracy. The frozen segmentation model is already strong, leaving 
limited room for post-processing gains. Instead, AgenticInspect provides a structured 
mechanism for exposing and managing refinement risk. 

Cross-validation clarifies the role of each layer. Adaptive thresholding and geometry 
produce conservative improvement. Action gating increases mean IoU but also introduces 
additional degraded cases. Risk veto only and full hybrid obtain identical automatic out-
puts: both reduce the action-gated degradation count from fourteen to twelve while re-
taining most of its mean gain. Across four valid-output local LLM auditors, LLM-only 
review accepts all high-risk proposals and contributes no measurable automatic decision 
change beyond veto rules. The supported claim is therefore narrower and stronger: Agen-
ticInspect provides selective, auditable LLM-assisted review around a quantitatively val-
idated veto-based risk-control core. 

The framework is also model-agnostic. EdgeSAM is used as the segmentation skill in 
our experiments, but the same agentic design can wrap other SAM-like or task-specific 
segmentors. The backbone ablation shows that the quality of the segmentation skill re-
mains important, and that 1024 input resolution is critical for fine pin structures. 

There are several limitations. First, although all train-learned rules are fitted exclu-
sively within the training portion of each cross-validation fold, the overall framework and 
several methodological choices were developed through earlier exploration of the same 
238-image dataset. Therefore, the five-fold cross-validation results should be interpreted 
as out-of-fold internal validation rather than fully independent external validation. The 
dataset also remains modest and does not include a separately collected untouched test 
set. Second, the geometry prior is tailored to four-pin structures and would need to be 
modified for other inspection objects. Third, the current refinement candidates are mor-
phology-based and cannot correct large semantic segmentation errors. Finally, hybrid re-
duces but does not eliminate harmful automatic changes, and adaptive threshold selection 
itself contributes degraded cases. 

The reported performance trends should be interpreted within the scope of the con-
nector-inspection dataset studied. Other electronic-interconnection inspection tasks may 
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exhibit different pin counts, object scales, surface reflectance characteristics, imaging con-
ditions, and defect modes. Consequently, the quantitative improvements reported in this 
work may not directly transfer to other inspection scenarios without task-specific adapta-
tion and validation. 

7. Conclusions 
We presented AgenticInspect, an agentic inspection framework for risk-aware seg-

mentation refinement. AgenticInspect treats a segmentation model as a replaceable skill 
and augments it with stateful planning, adaptive thresholding, geometry-guided candi-
date refinement, action gating, train-learned risk veto, selective LLM auditing, and inter-
pretable trace output. Under five-fold cross-validation, the action-gated pipeline obtains 
the highest mean IoU, while veto-controlled hybrid reduces degraded out-of-fold cases 
from fourteen to twelve with a small mean-IoU tradeoff. Component and model ablations 
show that the observed reduction in segmentation degradation arises from the learned 
veto rather than from LLM-only judgment. LLM auditing remains useful as a selective, 
traceable interface for assistive review, while stricter policies remain necessary for fully 
automatic deployment. 
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Appendix A 

 

Figure A1. The template of the LLM auditor. 
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