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1. Introduction

Defect inspection is critical to industrial safety and reliability, and active vision is particularly relevant in
industrial scenarios characterized by irregular morphology, occlusion, and limited fields of view [1—4]. In practical
systems, passive vision based on full-area inspection usually relies on predefined trajectories or exhaustive viewpoint
traversal, which leads to redundant observations and low inspection efficiency. By contrast, active vision selects
the next viewpoint from visual feedback and is therefore better suited to efficient inspection in cluttered industrial
environments [5-7].

Existing active vision inspection methods can be broadly divided into direction estimation and policy learning.
The former infer the main propagation axis (MPA) of the target defect from geometric cues using principal
component analysis (PCA) [8] or skeleton-based extraction [9, 10]. However, both methods remain sensitive
to segmentation quality, especially under noise, low contrast, and structural interference. The latter predict the
next viewpoint directly from observations, often by formulating active vision as a Partially Observable Markov
Decision Process (POMDP) and learning policies with deep reinforcement learning (DRL) [5,7,11]. Although these
approaches can reduce redundant inspection, DRL-based methods require substantial data, as motion policies are
learned through interaction rather than direct supervision, and often exhibit poor generalization across materials,
textures, and imaging conditions.
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Recently, vision-language model (VLM) has demonstrated great potential for active vision inspection, as their
multimodal representations enable the integration of visual understanding with action prompts [12—-16]. However,
the capability of pre-trained VLM is often insufficient for reliable active vision inspection under domain-specific
tasks, while full-parameter fine-tuning is costly and less practical for limited task-specific data. Under these
conditions, parameter-efficient fine-tuning (PEFT) provides a practical solution for VLM adaptation [17, 18]. But
standard PEFT shows limited robustness under domain shift and visual disturbance in active vision inspection,
which motivates a more robust adaptation strategy.

To address these challenges, this paper proposes an active vision framework that integrates Skeleton-Based
Guidance, Human-in-the-loop Supervision, and robust VLM adaptation, with crack inspection as the target
application scenario. Specifically, Skeleton-Based Guidance first provides a geometric prior for crack-direction
estimation, which is then verified and refined through Human-in-the-loop Supervision to establish task-specific
expert inspection priors. Based on these priors, Adversarial Low-Rank Adaptation (AdLoRA) is employed to
improve the robustness of VLM adaptation for active vision inspection.

The main innovations of this work are summarized as follows:

(1) A skeleton-weighted geometric guidance method is developed to estimate crack-propagation directions while
reducing the influence of irregular boundaries and local branches, thereby providing an interpretable prior for
active viewpoint planning.

(2) A human-in-the-loop supervision pipeline is introduced to verify and correct the automatically generated
directions, converting geometric priors into a task-specific dataset of expert-refined camera-motion labels.

(3) An AdLoRA-based VLM adaptation strategy is developed for directional decision-making, combining circular
supervision with hard-action-conditioned adversarial regularization of the continuous visual representation to
improve robust active inspection.

The remainder of this paper is organized as follows. Section 2 reviews related work on MPA estimation, policy
learning, and VLM adaptation. Section 3 presents the proposed framework, including Skeleton-Based Guidance,
Human-in-the-loop Supervision, and AdLoRA for VLM. Section 4 reports the experimental results, including ablation
studies, comparisons of direction prediction accuracy and inspection efficiency. Section 5 concludes the paper.

2. Related Work

2.1. Direction Estimation for Active Vision Inspection

Reliable direction estimation is a prerequisite for effective active vision inspection. Defect propagation
direction is commonly characterized by MPA, whose estimation methods mainly include PCA-based and skeleton-
based approaches. PCA-based methods compute the MPA from the spatial distribution of defect pixels, contours, or
local descriptors by forming a covariance matrix and taking the dominant eigenvector as the MPA. Representative
PCA-based methods include RPCA [8&], cascading PCA [19], and LBP-PCA [20]. However, PCA-based methods
remain sensitive to segmentation quality, noise, low contrast, branch interference, and irregular boundary fluctuations.
On the other hand, Skeleton-based methods reduce the segmented defect region to a one-pixel-wide medial axis and
then estimate the MPA from skeleton topology [9, 10,2 1]. Although this method is more structurally interpretable,
skeleton-based methods remain vulnerable to segmentation defects, unstable skeleton extraction, branch crossings,
and fragmented centerlines. These limitations motivate methods that retain the interpretability of explicit direction
estimation while improving robustness under complex conditions.

2.2. Learning-Based Active Vision Inspection

When explicit direction estimation is unreliable, learning-based methods provide a natural alternative. Recent
studies model active vision as POMDP and train DRL agents to choose the next viewpoint based on the current
observation and robot state [7,22]. These methods can optimize long-term objectives related to segmentation
quality and inspection efficiency, while reducing redundant full-area inspection compared with passive vision [5].
However, learning-based active vision inspection still faces several practical limitations. Policy learning typically
requires large amounts of interaction data or simulation rollout, which makes training costly and slows adaptation
to a new inspection environment. In addition, policy performance depends strongly on reward design, and poorly
specified rewards can bias the agent toward short-term motion heuristics rather than reliable inspection behavior.
Deploying DRL agents in industry also requires nontrivial integration of perception, environment modeling, and
control, which increases system complexity and weakens transfer across materials, textures, lighting conditions,
and defect morphologies. These limitations indicate that more data-efficient methods of active vision inspection
remain necessary.
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2.3. VLM Adaptation for Active Vision Inspection

Recently, VLM has emerged as a promising foundation for active vision inspection because of strong visual
reasoning capabilities. Studies show that VLM can be adapted for embodied decision-making and navigation [23,24].
However, directly full-parameter fine-tuning VLM is often computationally expensive and difficult to sustain when
task-specific data are limited. As a result, VLM adaptation typically relies on PEFT methods such as Low-Rank
Adaptation (LoRA), which reduce the number of trainable parameters while preserving the capability of the
pre-trained backbone.

However, standard LoRA remains sensitive to noise, occlusion, and domain shift. Adversarially enhanced
LoRA improves robustness by incorporating perturbations, curriculum scheduling, or min—-max optimization into
training. In particular, AdvCLIP-LoRA [25], AdvLoRA [26], and DAC-LoRA [27] report improved robustness
in VLM or few-shot adaptation. LoFT [28] and FullLoRA [29] further show that adversarially trained low-rank
branches can approach the benefits of full adversarial fine-tuning with lower parameter cost. Yet these studies
focus mainly on recognition or generic robustness benchmarks rather than directional decision-making for active
vision inspection. This gap highlights the demand for robust VLM adaptation methods tailored to directional
decision-making in active vision inspection.

Overall, three issues remain unresolved: existing MPA estimation methods are vulnerable to branch interference
and local artifacts, learning-based active inspection remains costly to train and difficult to transfer, and standard
LoRA remains insufficiently robust for industrial conditions. The next section addresses these issues with a
framework that combines Skeleton-Based Guidance, Human-in-the-loop Supervision, and AdLoRA fine-tuning for
active vision inspection.

3. Methodology

3.1. Task Formulation

This paper focuses on active crack inspection, which is formulated as a next best viewpoint (NBV) problem in
which the system iteratively selects camera motions to improve crack visibility [30,31]. In the present setup, the
NBYV problem is simplified from continuous pose optimization to planar translation on the local camera-motion
plane. The overall active vision inspection framework is shown in Figure 1.

Specifically, the action space is discretized into translation directions with 10° angular intervals. Given the
current crack image, the VLM predicts a discrete label that indicates the next camera-motion direction:

Ukt1 = arg r;leagpw(y | Ir), V| =K =36 €]

where I}, is the current crack image, 45+ is the predicted translation label, ) is the candidate direction set, K is the
number of direction classes, and p,; is the VLM policy parameterized by 1. Each label corresponds to one planar
translation direction, and the complete inspection trajectory is generated by repeatedly executing these single-step
NBYV decisions.

Figure 1. Active vision inspection framework. Based on the current observation, the VLM predicts the next motion
direction so that the camera can move to an appropriate viewpoint, thereby improving the reliability of inspection decisions.
3.2. Human-in-the-Loop Supervision Pipeline for Dataset Collection

This subsection describes the human-in-the-loop supervision pipeline used to establish expert inspection priors.
The raw images and masks are taken from the Ultralytics Crack Segmentation Dataset [32]. For each sample,
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skeleton-weighted PCA provides an automatic directional prior, which is then refined through Human-in-the-Loop
Supervision and exported in JSONL format.

3.2.1. Skeleton-Weighted PCA for Geometric Prior

Given a binary crack mask M and a structuring element B, let M (*) denote the mask obtained after ¢ successive
erosions by B. The residue used to construct the morphological skeleton at iteration ¢ is

R®W = M\ (M<t> oB) = M®\ KMu) o B) @B} , )

Here, ©, @, and o denote morphological erosion, dilation, and opening, respectively, with Ao B = (A©B)® B.
The erosion sequence is defined recursively below, where T" denotes the index of its final nonempty mask:

M© =,
M) = MO 5 B, t=0,1,...,T -1, (3)
T:max{tZO:M(t);«éQ}.

The morphological skeleton S is therefore the union of the residual sets R®*) fort = 0,...,T"

T
S = Skel(M) = |_J R?. 4)
t=0
These definitions explicitly distinguish erosion, opening, set difference, and union, thereby eliminating
ambiguity in operator precedence. In the numerical implementation, iterative connectivity-preserving thinning is
applied until convergence to obtain a one-pixel-wide centerline, which defines the skeleton set S used for distance
weighting. The nearest-skeleton distance of each contour point is defined as

d; = min [pi — sllz- )

where p; is the ith contour point of the crack region, N is the number of contour points, s is a skeleton point, and
d; is the distance from p; to its nearest skeleton point. Instead of assigning equal weights to all contour points,
a Gaussian distance-based weighting strategy is used so that points close to the skeleton centerline dominate the

principal-axis estimate:
d;
w; = exp (— 202) . (6)

where w; is the weight of contour point p;, and o controls the spatial decay of the skeleton-distance weighting. The
weighted mean vector and weighted covariance matrix are computed as

N N T
_ Doim1 WiDi T Yoimq wi(pi — ) (pi — ) 7
KR="C"N - N : )
i1 Wi i1 Wi
where p is the weighted mean vector and ¥ is the weighted covariance matrix. At inspection step &, let X, denote
the weighted covariance matrix computed from the current crack contour. The unoriented principal crack axis uy,

defined as the unit eigenvector associated with the largest eigenvalue of X, is given by

U = arg maxv ' Lgo. 8)
llvll2=1
Because uj and —uy define the same unoriented PCA axis, the sign ambiguity is resolved by enforcing
temporal directional continuity. Let rg be the prescribed initial inspection direction and 7 = Vwpca,k—1 for k > 1.
The directed camera-motion vector is

©))

Uwpea,k = argmax vTrk =

ug,  uprp >0,
ve{ug,—ur}

—Ug, u;rk < 0.
Accordingly, maximizing v " 7, selects the candidate closest in angle to the reference direction 7y, thereby

preventing arbitrary 180° sign reversals between consecutive camera-motion decisions. Compared with standard
PCA, this method suppresses local protrusions and irregular boundary artifacts while preserving useful branch
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information when a branch remains close to the main trunk. The skeleton provides the structural reference, the
distance term controls the contribution of each contour point, and the dominant eigenvector gives the predicted
extension tendency of crack. The skeleton-weighted PCA algorithm for crack direction estimation is given in
Algorithm 1.

Algorithm 1 Skeleton-weighted PCA

Input: Binary crack mask M
Extract the largest connected region from M
Thin the region to obtain the skeleton set S
Extract the outer contour points {p; }2¥;
fori =1to N do
Compute d; < mingegs ||p; — $||2
Compute w; < exp(—d?/(20?))
end for
At inspection step k, compute the weighted mean p; and covariance matrix Y, and then compute the unit
principal eigenvector uy of X,
10: Set rg to the prescribed initial inspection direction; for k > 1, set 7 < Vwpca,k—1

11: Set Uypea, k to the candidate in {uy, —uy } that maximizes v'rg

R A A ol S

3.2.2. Human-in-the-Loop Direction Supervision

The algorithmic prior obtained from Algorithm 1 is written as

Uwpca = (dmdy)v (10)

where (d,, d,) denotes the Cartesian components of Vypca. Although vypea provides a useful geometric prior, it may
not always match human inspection intent in cases such as branch crossings, weak contrast, or partial visibility. To
support manual verification and correction, a human-in-the-loop direction supervision interface is used, as shown in
Figure 2. If the predicted direction is acceptable, the algorithmic prior is exported directly. Otherwise, the annotator
clicks a target point on the image plane to indicate the desired camera-motion direction, and the corresponding
human direction is computed as

B
g —cll2’
where ¢ is the clicked target point, c is the image center, and vy, is the human guidance direction. When the algorithmic
prior does not match the intended inspection direction, the human guidance vector is introduced before sample export,
especially for ambiguous samples affected by branch crossings, weak contrast, or partial crack visibility.

(11)

Up

Figure 2. Human-in-the-loop direction supervision interface. The left panel supports click-based direction
supervision, and the right panel previews JSONL records before export. The PASS button excludes from JSONL
export any sample whose fused direction is ambiguous or unsuitable for supervision.

The geometric prior and human guidance are first combined into an intermediate vector v,,,. For a sample
retained for supervision, v,y 1S normalized only when it satisfies the following validity condition:
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Uraw = Uwpca + ﬂvha

Uraw (12)

vf = |[Vcaw |2 > €,

[[Vrawll2”
where 8 € {0, 1} indicates whether human guidance is incorporated, v; denotes the final fused unit vector, and
€ > 0 is a tolerance for detecting directional cancellation. When § = 0, Vraw = Vwpca» S0 the geometric prior is
retained; when 3 = 1, Vraw = Uwpea + VUpn, 50 human guidance contributes to the fused direction. The operator
selects the PASS button shown in Figure 2 when the geometric and human-guidance vectors cancel or nearly cancel
([[vraw||2 < €), or when the resulting direction is considered unsuitable for supervision. The corresponding sample
is excluded before angle calculation, label assignment, and JSONL export. This expert-controlled rejection step
prevents samples with ambiguous directions from entering the training set. The final vector of an accepted sample is
then converted into an angle and quantized into the 36-direction action space:

180°
0= (atanQ(vy, Vg) —— + 360°> mod 360°,
™

(13)

0
= K
y = round <10°> mod K,

where (v, v,) denotes the Cartesian components of v¢, 6 € [0, 360) is the corresponding motion angle, and y denotes
the final discrete motion label. The human-in-the-loop supervision for generating JSONL is given in Algorithm 2.

Algorithm 2 Human-in-the-loop JSONL generation

: Input: Crack image, bounding box, vwpea = (dz, dy)
: Display the image, region overlay, and vypca
. if the displayed direction is acceptable then
Set 8 «+ 0 and initialize the human-guidance vector as vy, < (0,0)
else
Set g+ 1
Acquire a click point g
Compute vy, < (¢ —¢)/|lg — ¢|2
: end if
: Compute Vyaw < Vwpea + BUn
. if PASS is selected or ||vyaw |2 < € then
Skip the current sample and continue
: end if
14: Normalize vyay t0 Obtain vf <= Vraw /|| Vraw |2
15: Compute 0 < atan2(vy, v,) from vy = (vg, vy)
16: Compute y < round(6/10°) mod K
17: Build the instruction with the <bbox> field
18: Save {image, instruction, label} to JSONL

R A A R ol

—- = = =
PR = o

Using the above human-in-the-loop supervision procedure, we constructed a finalized JSONL dataset
containing 2467 samples, which was divided into training (2048; 83.02%), validation (209; 8.47%), and test (210;
8.51%) sets. The human-intervention rate was 48.50%, and the average annotation time was 2.71 s. During data
collection, each sample was categorized as Accept, Correct, or Pass based on the outcome of human verification;
representative examples are shown in Figure 3.

To focus the VLM on the crack region, the crack bounding box is injected into the training prompt through
a dedicated <bbox> field. Each accepted or corrected sample is exported as a JSONL record with the image
identifier, an instruction containing the <bbox> token, and the final label. The <bbox> field is embedded directly
into the multimodal instruction so that the model focuses direction prediction on the crack-centered region during
fine-tuning. A JSONL sample is as follows:

{"image": "crack.001l.jpg",
"instruction": "The crack is
located at <bbox>100 80 200
180</bbox>.

Predict next movement direction.",
"label": 4}
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Figure 3. Representative outcomes of the human-in-the-loop annotation audit: (a) ACCEPT retains the automatically
estimated direction without click-based correction; (b) CORRECT replaces an unsuitable automatic estimate with an
annotator-corrected fused direction; and (c¢) PASS excludes an ambiguous or unusable sample from export.

3.3. AdLoRA Training
3.3.1. Model Backbone and State Representation

This subsection defines the model backbone and the state representation used for AdLoRA training. The
overall AdLoRA architecture is shown in Figure 4. AdLoRA training uses the finalized image—instruction—action
samples constructed in Section 3.2. The policy backbone is Qwen2.5-VL-3B-Instruct [33]. LoRA adapters are
inserted only into the attention projection matrices g_proJj and v_proj, while the vision encoder, multimodal
projector, and language backbone remain frozen. The trainable and frozen modules are summarized in Table 1.
During data loading, the processor wraps each sample into a chat-style multimodal prompt and converts it into token
IDs, attention masks, visual patches, and image-grid metadata compatible with Qwen2.5-VL.

Table 1. Trainable and frozen modules in AdLoRA.

Module Status Params.

Vision encoder Frozen 0

Multimodal projector Frozen 0

LLM backbone Frozen 0
LoRA on g_proj Trainable ~2.36 M
LoRA onv_proj Trainable ~2.36 M
Linear classifier head Trainable ~73.8 K
State—action discriminator Trainable ~1.20M
Total trainable ~6.0 M

The encoded hidden sequence is written as

H=®(1,1), H e RE>dn, (14)

where ®(-) denotes the multimodal backbone with LoRA adapters, I is the RGB crack image, ¢ is the multimodal
instruction containing the <bbox>-based crack-region prompt, H is the encoded hidden sequence, L is the sequence
length, and dj, is the hidden dimension.

The last valid token is used as the pooled state feature:
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h=Hy, 15)

where £ is the pooled state feature and ¢ is the index of the last valid token. The pooled feature is then passed to a
linear classification head to produce the direction logits:

2 =Wh+b, z € RX, (16)

where z is the direction-logit vector, and W and b are the weight matrix and bias vector of the linear classification
head, respectively. The logits are then normalized by the softmax function to obtain the policy distribution:

(k| I,t) = softmax(z)y, ke{0,...,K —1}. (17)

where 7(k | I,t) denotes the predicted probability of direction class k. During adversarial training, the hard policy
action is selected by applying arg max to the logits, and its one-hot encoding is treated as a non-differentiable
conditioning variable. Let sg(-) denote the stop-gradient operator and e(-) denote one-hot encoding. The inputs
used for the discriminator and policy updates are therefore defined separately as

Gx = arg max zj, er =sgle(ar)),

k
zp = [sg(h);e(y)], o] = [se(h);ex], (18)
xh =[h;ex].

During the discriminator update, i and e;; are detached from the policy computation graph. During the policy
update, h remains connected to the LoRA-adapted backbone, whereas ¢, remains detached. The discriminator
maps each state—action input to a scalar logit:

D(z) € R, z € {z8, 27, 2T} (19)

Thus, gradients do not propagate through either arg max or the one-hot encoding.

Figure 4. AdLoRA architecture. The image and instruction are encoded by a shared Qwen2.5-VL backbone, in
which the visual encoder, multimodal projector, and language backbone remain frozen, while LoRA adapters are
trained on the g_proj and v_pro7j attention layers. The pooled multimodal representation is then fed to a trainable
direction classifier and a trainable discriminator for policy learning and adversarial training.

3.3.2. Training Objective

Because the camera-motion labels lie in a circular direction space, ordinary one-hot cross-entropy would
over-penalize predictions that differ from the reference by only one neighboring direction. The training objective
combines a supervised circular classification loss, a discriminator loss, an adversarial alignment term, and an entropy
regularizer. The supervised term is defined as circular cross-entropy (CCE) with a circularly smoothed target
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distribution. Under the training configuration adopted in this study, the remaining probability mass is uniformly
assigned to the two adjacent labels with

1—we.
27
where 7 denotes the circular tolerance, w, denotes the probability mass assigned to the center label, and w,, denotes
the probability mass assigned to each neighboring label. In this study, 7 = 1 and w. = 0.85.
The target distribution centered at y is defined as

(20)

Wnp =

We, k:%
pkly)=qwn, ke{yEtl,...,y+t7}mod K, (21)

0, otherwise,

where p*(k | y) is the smoothed target probability for direction class k centered at the reference label y. Based on
this smoothed circular target distribution, the CCE loss is defined as

K-1
01rc—_zp k|y IOgﬂ-(k‘It) (22)
k=0

where L is the circular cross-entropy loss. Using the detached inputs z5 and x7,, the discriminator is optimized
with the loss

Lp = BCE(D(2%),1) + BCE(D(z}),0). (23)

where L is the discriminator loss and BCE(-) denotes the binary cross-entropy (BCE) loss. During the policy
update, the discriminator parameters are held fixed and e;; remains detached, whereas h remains differentiable. The
adversarial loss is

Lav = BCE(D(2p),1). (24)

Accordingly, the only differentiable path from L,qy, to the LORA parameters ¢ passes through the continuous
feature h:

OLaay Ohy, OLagv
Ohy, 0p’ e,
Therefore, Laqy regularizes the continuous LoRA representation while being conditioned on a detached hard

action; it does not propagate gradients through the discrete action. The circular loss and entropy term directly optimize
the classification head. To avoid overly peaked predictions, the policy is further regularized by the entropy term

=0.

V<,0Acadv =

K—

H

m(k| I, t)logm(k | I,t). (25)
k=0

where () is the policy entropy. The final policy objective is therefore written as

£policy = /\supccirc + AaavLadv — AentH(ﬂ—)a (26)

where Lpoiicy is the final policy loss, and Agp, Aaav, and Aey are the weights of the supervised, adversarial, and
entropy terms, respectively. The adopted setting uses Aqp = 1.0 and Aepy = 5 x 1075, For the two-stage adversarial
schedule, A\,qy = 0 in the first stage and A\,qy, = 0.01 in the second stage. The policy therefore first learns a stable
supervised direction classifier and then applies hard-action-conditioned adversarial alignment to its continuous
LoRA-adapted representation.

3.3.3. Training Protocol and Implementation Details

The training set contains 2048 image—instruction—action samples, and the validation set contains 209 samples.
The same 2048 training samples are first used for discriminator warm-up and then reused for joint adversarial
optimization, rather than being split into separate discriminator-only and policy-only subsets. To reduce the influence
of class imbalance, the training loader uses class-balanced sampling. During discriminator updates, the policy
forward pass is evaluated without gradient tracking, and the resulting argmax action and one-hot encoding serve
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only as detached discriminator inputs. During policy updates, the discriminator optimizer is not stepped; the hard
action remains detached, while the adversarial gradient propagates through the continuous pooled feature 7 to the
LoRA parameters . The circular cross-entropy and entropy terms directly optimize the classification head.

The optimization follows an alternating update strategy. The discriminator is first warmed up for two epochs on
expert and policy-induced state—action pairs, while the policy parameters remain fixed. After warm-up, joint training
alternates discriminator and policy updates within each mini-batch. The first adversarial stage lasts for one epoch
with zero adversarial weight, and the second stage activates adversarial learning with \,qy, = 0.01. This schedule
reduces early training instability and helps the classifier establish a reliable supervised prior before adversarial
alignment is imposed.

The key training hyperparameters are summarized in Table 2, and the training curves are shown in Figure 5.
The feasibility experiment was conducted on a single NVIDIA RTX PRO 6000 Blackwell Workstation Edition GPU
with 96 GB of device memory. This moderate initial configuration was used to assess the convergence stability of the
proposed alternating optimization and does not imply that this hyperparameter set is optimal. Specifically, » = 16
and o = 32 yield an adapter scaling ratio of at/r = 2, while a dropout of 0.05 regularizes the adapters for the limited
task-specific dataset. The policy learning rate of 1 x 10~ supports efficient adapter optimization, whereas the lower
discriminator learning rate of 5 x 1075 reduces the risk that the discriminator dominates the policy. A per-device
batch size of 2 was used to fit the VLM and discriminator within GPU memory. Eight gradient-accumulation steps
yielded an effective batch size of 16, and training was conducted for 12 epochs to assess convergence.

Table 2. AdLoRA training setup.

Param. Value
LoRA configuration r = 16, o = 32, dropout = 0.05
Learning rate 1x1074
Discriminator learning rate 5x 1076
Epochs 12
Batch size 2
Gradient accumulation steps 8
Circular loss setting T=1,w.=0.85
Validation criterion +1 label tolerance

Figure 5. AdLoRA training curves: (a) training and validation CCE loss and (b) training and validation accuracy

within the +1-bin tolerance. The blue and orange curves denote the training and validation results, respectively.

The validation accuracy curve uses a tolerant criterion that counts a prediction as correct when its circular
label distance to the ground truth does not exceed one neighboring direction. This criterion is physically reasonable
because a one-step deviation in camera motion usually does not materially degrade downstream visibility. The
best checkpoint is selected according to validation performance, yielding a best validation loss of 1.8593 and
a peak validation accuracy of 0.8134. These trends indicate stable convergence and show that the proposed
AdLoRA framework can learn an effective direction policy from the human-in-the-loop expert inspection priors.
This feasibility configuration is denoted as group A in Section 4.1. The subsequent hyperparameter search and
configuration selection for the formal method comparison are performed exclusively on the validation set.

The complete group-A AdLoRA training run took 1.48 h on the single GPU described above. By comparison,
the DRL-based active vision inspection study in [7] used 20,000 training iterations and approximately 3.6 million
experience steps for a similar task. Normalizing this interaction budget to our measured simulator throughput yields
an estimated training time of 143.7 h. This comparison indicates a training-efficiency advantage for the proposed
method, which updates only low-rank adapters and lightweight task heads of a pre-trained VLM, whereas the DRL
approach learns a task-specific policy through environment interaction.
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4. Experiments

4.1. Ablation Study

This ablation study evaluates the effect of adversarial training on directional prediction by comparing LoRA
and AdLoRA across five hyperparameter groups, denoted A—E. The group settings are listed in Table 3. Within each
group, the two methods share the same hyperparameter setting, training/validation split, 36-class action space, and
CCE objective defined in Section 3.3. Two metrics are reported for all A—E experiments: validation CCE loss and
validation accuracy. Group A corresponds to the initial feasibility configuration in Section 3.3.3, whereas groups
B-E evaluate alternative combinations of learning rate, number of training epochs, LoRA rank and scaling factor,
dropout, and weight decay within the available computational budget.

Table 3. Hyperparameter settings of groups A-E.

Group Learning Rate Epoch Rank Alpha Dropout Weight Decay
A 1x1074 12 16 32 0.05 -
B 5x107° 15 32 64 0.05 -
C 3x107° 12 32 64 0.10 0.02
D 2x107° 15 16 32 0.10 0.05
E 5x107° 8 32 64 0.08 0.01

The quantitative comparison is summarized in Table 4, while Figure 6 shows the corresponding validation
trends for the matched A—E groups: panel (a) presents the CCE loss curves, and panel (b) presents the accuracy
curves. In Table 4, the reported CCE value for each group is the minimum validation loss reached during training,
whereas the reported accuracy is the maximum validation accuracy achieved under the same hyperparameter setting.
The differences are calculated relative to LoRA; therefore, a negative ACCE and a positive AAccuracy both indicate
an improvement obtained with AdLoRA.

Table 4. Performance of groups A-E.

Group LoRA CCE AdLoRA CCE ACCE LoRA Accuracy AdLoRA Accuracy AAccuracy

A 2.0425 1.8593 —0.1832 0.7081 0.8134 +0.1053
B 1.8535 1.8202 —0.0333 0.8230 0.8373 +0.0143
C 1.9248 1.8018 —0.1230 0.7895 0.8469 +0.0574
D 2.0371 1.9921 —0.0450 0.6890 0.7464 +0.0574
E 1.9417 1.8038 —0.1380 0.7608 0.8230 +0.0622

Across all five matched hyperparameter groups, AdLoRA improves both evaluation metrics simultaneously. It
reduces the minimum validation CCE loss in every group, with an average reduction of 0.1045 and the largest
reduction of 0.1832 in group A. This consistent reduction suggests that adversarial optimization improves alignment
with the circular target distribution itself, rather than merely accelerating convergence under one particular
configuration. Under the £1-bin tolerance criterion, AdLoRA also achieves higher maximum validation accuracy in
every group, with an average gain of 0.0593. The largest accuracy gain is obtained in group A, increasing from
0.7081 to 0.8134, whereas group C achieves the highest overall AALoRA accuracy of 0.8469, compared with
0.7895 for LoRA under the same setting. Even in group B, where the improvements are comparatively modest, both
metrics still change in the favorable direction. This consistency across different learning rates, training epochs,
ranks, dropout rates, and weight-decay settings indicates that the benefit is associated with the adversarial
optimization strategy rather than with a single favorable hyperparameter choice. Because neighboring direction bins
correspond to only small camera-motion deviations, the accuracy improvements further indicate more reliable
motion decisions for practical inspection. Group C attains the lowest AdLoRA validation CCE of 1.8018 and the
highest AALoRA validation accuracy; it is therefore selected for the formal prediction comparison in Section 4.2
without consulting the held-out test results.
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Figure 6. Ablationcurves for hyperparameter groups (A)—(E) defined in Table 3: (a) CCE loss curves and (b)
accuracy curves. In each panel, the five rows correspond to groups A-E, respectively, with LoRA shown in the left
column and Adversarial LoRA shown in the right column. The blue and orange curves denote training and validation
results, respectively. Adversarial LoRA consistently achieves lower validation CCE loss and higher maximum
validation accuracy than LoRA across the matched hyperparameter groups.

4.2. Prediction Error Comparison

This subsection compares three inference pipelines on the 210-sample test split to quantify directional
prediction errors under the same evaluation protocol. The compared pipelines are a VLM-based linear probe
baseline, LoRA fine-tuning, and the proposed AdLoRA strategy. For a controlled comparison, LORA and AdLoRA
use the same group-C hyperparameters, which were selected exclusively from the validation results in Section 4.1.
Group C achieved the lowest AdLoRA validation CCE and the highest validation accuracy within 1 bin, and
the held-out test set was not consulted during selection. Under this protocol, the linear probe takes normalized
multimodal embeddings as input and adopts a linear classifier projecting 2048-dimensional latent features into 36
directional categories, while LoRA and AdLoRA directly fine-tune the Qwen2.5-VL backbone for the 36-class
directional prediction task. All three methods are evaluated with the same instruction format, crack bounding-box
prompts, and 210-sample test split.

Three complementary metrics are reported. The circular label distance is defined as

deire(y, §) = min (|ly — 9|, K — |y —gl) . @7)

where d.ir.(y, §) is the shortest circular distance between the reference and predicted direction labels. The first
metric is accuracy within =1 bin. In practical active vision, a small directional deviation can still move the camera
toward a valid viewpoint for inspection. Therefore, this study allows a one-bin tolerance around the reference
direction and counts a prediction as correct if deirc (v, 9) < 1:

N
- . 1
Accuracy within £ 1 bin = ~ Zl Ci. (28)

where N is the number of test samples and ¢; = 1 if deire (5, §5) < 1, and ¢; = 0 otherwise. The second metric is
the mean absolute angular error (MAAE), for which the single-sample circular angular error is defined as follows:
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e; = min (|9i—éi|, 360° — \ai—éi|). (29)

where e; is the circular angular error of sample 4, ; = 10°y; is the reference angle, and [ 10°g; is the predicted
angle. The MAAE is then computed as

N
1
MAAE = ¥ ; e;. (30)

The third metric is the test-set CCE loss. Following the circular smoothing strategy used in training, the
evaluation target distribution is defined as

We, k=y,
prkly) =452, ke{y+1l}modK, (31)
0, otherwise,

where the smoothing parameters follow the setting defined in Section 3.3. Based on the same smoothed target
distribution, the third metric is the test-set CCE loss:

| MoK
Lcce = N 2 ];) p*(k | yi) log m; (k). (32)

where Lccg is the test-set CCE loss and 7;(k) is the predicted probability of class k for sample 7. Lower values
indicate that the predicted distribution is better aligned with the smoothed circular target distribution.

As shown in Figure 7, the linear-probe baseline achieves only 0.229 in accuracy within +1 bin, together
with an MAAE of 52.620° and a CCE loss of 3.355, indicating that frozen multimodal features combined with a
shallow classifier are insufficient for reliable directional decision-making in this task. LoRA fine-tuning substantially
improves performance, reaching 0.757 in accuracy within 1 bin, 19.480° in MAAE, and 2.181 in CCE loss.
AdLoRA further improves these metrics to 0.852, 14.240°, and 1.719, respectively. Together, these gains indicate
better tolerance-aware directional correctness, higher angular precision, and stronger alignment with the circular
target distribution. The consistent improvement across all three metrics shows that adversarial enhancement
improves parameter-efficient VLM adaptation for direction prediction in active vision.

Accuracy within 1 bin MAAE (°) Circular CE Loss
4
T T T T T T T
L 0852 | 60 | 52,620 a 3355
0.757 3l |
10| | 2.181
0.5 | — 2+ 1.719 |
19.480
0.229 20 14.240— 1 _
0
o N & > S \5&?’ N\\’o‘?& ?,%%e‘\oe & é\*&?’
«° ?‘0‘06 9s° "
oS o o

Figure 7. Prediction error comparison. The three figures show that AdLoRA achieves the best overall performance,
with higher accuracy within -1 bin and lower MAAE and CCE loss than the compared methods.

To isolate the effects of geometric label construction and human supervision, three Qwen2.5-VL model
instances were fine-tuned with AdLoRA using the group-C configuration. All three runs used the same 2048
training images and corresponding instructions, as well as identical 209-sample validation and 210-sample test
sets. They differed only in the training-labeling strategy: skeleton-based estimation, skeleton-weighted PCA, or
skeleton-weighted PCA with Human-in-the-Loop Supervision.

Table 5 shows that, relative to skeleton-weighted PCA, the proposed method increases the accuracy within
+1 bin from 0.1857 to 0.8476 and reduces the MAAE from 102.86° to 14.29°. Accounting for the morphological
crack skeleton provides a modest improvement in directional accuracy. However, because both PCA-based and
skeleton-based estimators derive closely related geometric priors from the same crack mask, the gain from this
change alone remains limited. In contrast, human-in-the-loop supervision substantially improves prediction accuracy
by preventing unsuitable automatically generated directions from being used as training labels.
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Table 5. Effects of skeleton-based geometric guidance and human-in-the-loop supervision

Training-Label Source Accuracy within -1 Bin MAAE (°)
Skeleton-based estimation 0.1762 104.57
Skeleton-weighted PCA 0.1857 102.86
Proposed method 0.8476 14.29

To quantify run-to-run variability, the group-C AdLoRA configuration was trained independently using random
seeds 42—46. All runs used the same training, validation, and test splits, and the best checkpoint from each run was
selected according to validation CCE before evaluation on the 210-sample test set. Table 6 reports the sample mean
and sample standard deviation (SD) across the five runs.

Table 6. Performance across five random-seed training runs using group-C hyperparameters

Metric Mean Sample SD
Accuracy within £1 bin 0.7981 0.0338
MAAE 15.3810° 1.2210°
CCE loss 1.7842 0.0436

4.3. Inspection Efficiency Comparison

4.3.1. Experimental Setup

For the efficiency evaluation in simulation, a crack inspection environment is built in MuJoCo, as shown in
Figure 8. The setup uses a Universal Robots 5 (URS) robot with an RGB camera mounted on the end effector. To
facilitate intuitive monitoring and interactive operation, the interface offers comprehensive visualization and control
capabilities, including real-time rendering of the current scene viewpoint, dynamic visualization of historical camera
trajectories, on-site directional inference for camera orientation decision-making, and human-in-the-loop motion
control that combines automatic policy output with manual manipulation.

Figure 8. MuJoCo simulation environment. The setup includes a URS robot, an RGB camera, and a crack workpiece.
The interface provides real-time viewpoint display, trajectory visualization, real-time direction inference, and human-
in-the-loop motion control. The real-time camera and inference panels show observations degraded by spatially
nonuniform illumination, Gaussian blur, Poisson shot noise, and Gaussian read noise, providing a reproducible stress
test under low-contrast and noisy imaging conditions.

The comparison includes the proposed active vision method, a passive full-area inspection strategy, and
a non-VLM active vision baseline based on PCA. Using the notation v; = (v, v,) defined in Section 3.2.2,
the predicted direction label is mapped to the image-plane unit vector 05 = (0, 0,), with the positive x-axis
pointing right and the positive y-axis pointing downward. The controller first forms the camera-frame vector
uc = [0y, —0y, O]T. Let PR denote the current rotation matrix from the camera frame C to the robot-base
frame B. The transformed vector ug = PRcuc is projected onto the base-frame XY plane and normalized. Let
Up xy denote the normalized planar direction. The commanded translation is App = (0.0l m)u B,xY, with the

14 of 18



Huang et al. Hum.-Mach. Interact. 2026, 1(1), 2

end-effector height and orientation held fixed. The target pose is executed only if inverse kinematics admits a
feasible solution. The same step size was used for all methods to balance viewpoint-adjustment resolution against
trajectory length.

All methods are evaluated using the same initial joint configuration, inverse-kinematics constraints, workpiece
pose, and visual conditions. Camera observations are generated under a fixed spatially nonuniform illumination
pattern containing both bright and dark regions. A reproducible sensor-degradation pipeline is then applied,
comprising a 9 X 9 Gaussian blur with o = 2.0 pixels, Poisson shot noise with a full-scale photon count of 30, and
Gaussian read noise with a normalized standard deviation of 0.025; all stochastic operations use random seed 42.
The inspection terminates when the crack endpoint appears within the camera field of view. Inspection efficiency is
quantified by the number of successfully executed camera-motion steps.

The active visual inspection task considered in this study is non-contact and does not require force exchange
or dynamic interaction between the robot and the environment. Consequently, the inability of simulation to fully
reproduce real contact dynamics has limited influence on the visual decision-making problem evaluated here. The
simulated crack instances preserve the task-relevant physical attributes observable by the camera, including irregular
morphology, orientation, scale, branching, and local contrast, while MuJoCo models robot kinematics, camera
viewpoints, inverse-kinematics feasibility, and workspace constraints. Spatially nonuniform illumination, a 9 x 9
Gaussian blur, Poisson shot noise, and Gaussian read noise are further introduced to reproduce adverse imaging
conditions. Together, these settings provide a credible approximation for assessing the relevant visual effects and
motion feasibility.

4.3.2. Comparison Methods and Results

At each step, the proposed method uses the AdLoRA-adapted VLM to predict the next motion direction from
the current camera observation and executes the corresponding planar motion if it is feasible. The passive vision
baseline follows a predefined U-shaped trajectory covering the entire workpiece. The PCA-based method extracts
candidate crack pixels by applying a fixed threshold V' < T to the HSV value channel, where V' € [0, 255] and T is
the manually selected dark-intensity threshold. Morphological opening and closing use 3 x 3 and 9 x 9 kernels,
respectively. The largest connected component with an area of at least 80 pixels is retained, and its principal axis is
estimated using unweighted PCA. Directional continuity resolves the sign ambiguity, after which the direction is
quantized into the same action space as the VLM.

The comparison is summarized in Figure 9. Because all methods use the same motion step size and termination
condition, the number of successfully executed camera motions provides a direct measure of inspection efficiency
under the evaluated conditions. The proposed method completed the inspection in 93 steps, compared with 125
steps for the passive vision baseline. It therefore avoided 32 camera motions and reduced the executed step count
by 25.6%. The passive strategy follows a predefined U-shaped path to cover the full workpiece, so it continues to
traverse regions that are not required once the crack-propagation direction can be inferred. By contrast, the proposed
method updates the motion direction from each camera observation and consequently reduces redundant workspace
coverage while maintaining closed-loop viewpoint adjustment.

With T" = 40, the PCA baseline completed the inspection in 89 steps, four fewer than the proposed method.
This result shows that a simple geometric estimator can be highly step-efficient when the fixed threshold separates
the crack from its background reliably. However, the successful trajectory depends on the quality of the segmented
crack pixels. Increasing only the threshold to 7" = 50 admitted dark non-crack regions into the candidate mask,
changed the dominant connected structure, and diverted the PCA direction from the actual crack. Because each
estimated direction determines the next camera position, this local segmentation error also changes subsequent
observations and can accumulate during closed-loop motion. Consequently, the PCA baseline reached the boundary
of the reachable workspace and failed after 121 recorded steps rather than completing the inspection. The two PCA
trials therefore demonstrate that a low step count in a successful run does not by itself establish robust inspection
performance. In comparison, the proposed method completed the task under the same degraded imaging conditions
without relying on a manually selected intensity threshold. Overall, the results indicate that the PCA baseline can be
slightly more step-efficient when segmentation is reliable, whereas the proposed method provides a more favorable
balance between completion reliability and motion efficiency; it retains the adaptive benefit of active vision while
requiring substantially fewer steps than passive full-area coverage.
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Figure 9. Comparison of inspection efficiency among four methods: (a) PCA with T" = 40, which completed the
inspection in 89 steps; (b) PCA with T' = 50, which misclassified dark regions as cracks, reached the boundary of
the reachable workspace, and failed after 121 steps; (¢) passive vision, which completed the inspection in 125 steps;
and (d) the proposed active vision method, which completed the inspection in 93 steps. In each row, the first panel
shows the inspection trajectory, and the remaining four panels present representative camera observations at selected
inspection steps.

5. Conclusions

The main contribution of this work is a unified active vision inspection framework that integrates skeleton-
weighted geometric guidance, human-refined direction labels, and adversarial low-rank adaptation of a VLM. The
ablation study shows that AdLoRA consistently outperforms standard LoRA under matched hyperparameter settings.
The directional prediction comparison further shows that the proposed method achieves the best overall performance
among the compared methods in terms of accuracy within +1 bin, MAAE, and CCE loss. The simulation shows
that the proposed method requires fewer steps than the passive vision method, representing a 25.6% improvement in
inspection efficiency. Future work will validate the framework using a physical robot and an on-site vision system.
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