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Abstract

Vision-based navigation is important for autonomous

legged robots, enabling semantic target search and inspec-

tion without dense maps or specialized sensors. However,

existing goal-conditioned navigation methods often rely on

pre-curated goal images, lack reliable stopping mecha-

nisms, and are sensitive to detector noise and gait-induced

camera perturbations. To address these limitations, we pro-

pose a multi-phase vision-based navigation and inspection

framework for quadrupeds using only monocular RGB in-

put. First, we introduce online detection-driven goal re-

finement, which extracts target crops from the robot’s live

camera stream and progressively updates the goal repre-

sentation as the robot approaches the target, reducing de-

pendence on pre-collected goal images and improving ro-

bustness to distant or low-quality detections. Second, we

design a phase-factorized policy structure that decomposes

the task into long-range approach and close-range orbital

inspection, using two specialized checkpoints of the same

navigation backbone to better handle the different control

requirements of each phase. Third, we develop a vision-only

halting and target-lock mechanism that uses the bbox-to-

frame-area ratio with temporal smoothing to trigger stable

depth-free stopping, while an image-based visual servoing

loop keeps the target centered despite detector jitter and

gait-induced camera motion. Experiments on a 12-DOF

quadruped across on-axis, 60◦, and 90◦ outdoor scenarios

show superior performance, achieving 85–95% end-to-end

success with consistent ∼1.0–1.2 m stopping distance. Ab-

lations further validate the contribution of each component,

and the framework generalizes to both ViNT and NoMaD

backbones without architectural modification.

1. Introduction

Vision-based navigation is a core capability for autonomous

robots operating in real-world inspection environments.

Compared with map-based or depth/LiDAR-based auton-

omy stacks, monocular vision offers a lightweight and de-

ployable sensing interface that can support semantic target

search, goal-directed approach, and close-range inspection

using only onboard cameras. This is particularly important

for legged robots, which are expected to operate in unstruc-

tured sites such as grass, gravel, curbs, and industrial facil-

ities where wheeled platforms may fail. However, practical

inspection is not a single-step navigation problem: the robot

must first detect a semantic target, approach it from poten-

tially off-axis viewpoints, decide when it has reached a safe

and consistent standoff distance, and then execute a struc-

tured inspection behavior such as orbiting while keeping the

target in view. These requirements make vision-based in-

spection inherently multi-phase and impose different con-

trol demands at different stages of the task.

Recent visual navigation methods have made substan-

tial progress toward learning goal-conditioned policies from

image observations. Classical image-based visual servo-

ing regulates image-space feature errors for closed-loop tar-

get alignment [1], while learning-based navigation methods

such as GNM [7], ViNG [6], ViNT [8], and NoMaD [10]

learn reusable visual navigation priors for waypoint predic-

tion and cross-embodiment deployment. NoMaD in par-

ticular builds on denoising diffusion probabilistic models

(DDPM) [4] for multi-modal action generation, an approach

pioneered for visuomotor policy learning by Diffusion Pol-

icy [2]. These methods provide strong foundations for vi-

sual goal reaching, but several limitations remain when de-

ploying them for real quadruped inspection. First, many

goal-conditioned policies assume that a clean goal image

is available before deployment, which is often unrealistic

when the target is discovered online by the robot itself. Sec-

ond, a static goal crop can become unreliable as the robot

approaches the target, especially when detections are inter-

mittent at long range or disturbed by gait-induced camera

pitch and roll. Third, existing navigation backbones mainly

predict waypoints and do not directly solve the arrival deci-

sion: without depth sensing or a metric map, deciding when

to stop at a consistent physical standoff remains non-trivial.



Figure 1. Overview of the proposed vision-based multi-phase navigation and inspection framework. Given only monocular RGB obser-

vations, the quadruped first detects the semantic target and initializes an online goal crop from its own camera stream. During long-range

approach, the goal representation is progressively refined as clearer target views become available, while target-lock visual servoing keeps

the target centered under gait-induced camera motion. When the bbox-to-frame-area ratio remains within a calibrated range for K consec-

utive frames, the system triggers a vision-only halt without depth sensing. The robot then switches to an orbit-specialized policy to perform

close-range circular inspection while maintaining stable visual alignment with the target.

Finally, a single monolithic policy is difficult to optimize for

both long-range approach and close-range orbital inspec-

tion, because these phases require different motion patterns

and stability properties.

Motivated by these limitations, we propose a deployed

multi-phase vision-based navigation and inspection frame-

work for quadrupeds using only monocular RGB input as

shown in Fig. 1. Our system first performs online detection-

driven goal refinement, where target crops are extracted

from the robot’s live camera stream and progressively up-

dated as the target becomes clearer during approach. The

refined goal is then used by a goal-conditioned approach

policy, while a lightweight target-lock visual servoing loop

continuously corrects yaw to keep the detected target cen-

tered despite detector jitter and gait-induced camera mo-

tion. Once the target reaches a stable image-space scale,

a vision-only halting rule based on bbox-to-frame-area ra-

tio, exponential smoothing, and consecutive-frame consis-

tency triggers the transition from approach to inspection.

After this transition, a separate orbit-specialized checkpoint

of the same navigation backbone executes circular inspec-

tion while sharing the same target-lock mechanism for vi-

sual stabilization. In summary, our main contributions are:

• Online goal refinement: we eliminate the need for pre-

curated goal repositories by updating the goal representa-

tion from the robot’s own observation stream.

• Phase-factorized navigation and inspection: we de-

compose the task into long-range approach and close-

range orbiting using two specialized checkpoints of the

same backbone.

• Vision-only halting and target locking: we combine

bbox-area-based stopping with image-space visual servo-

ing to achieve stable depth-free arrival and target align-

ment.

• Real-world quadruped evaluation: we validate the sys-

tem on a 12-DOF quadruped across on-axis, 60◦, and 90◦

outdoor target-placement scenarios with component-level

ablations.

• Backbone-agnostic integration: we demonstrate that

the proposed deployment pattern can be integrated with

both ViNT and NoMaD without architectural modifica-

tion.

2. Related Works

Goal-conditioned navigation backbones such as ViNT [8]

and NoMaD [10] encode observation–goal image pairs

and predict control outputs, enabling strong cross-platform

transfer but leaving open system-level questions around on-

line goal formation, stopping consistency, and post-arrival

behaviors. GNM [7] established the general navigation

model paradigm for cross-embodiment deployment, and

ViNG [6] studies open-world navigation with visual goals

but relies on curated goal sets. Classical image-based vi-

sual servoing (IBVS) [1] regulates image-feature error to

maintain target alignment.

Classical autonomy stacks for legged robots typically

combine a lidar- or depth-based SLAM layer (e.g., LIO-

SAM [9], FAST-LIO [11]) with a traversability-aware lo-

cal planner running on top of the vendor locomotion con-

troller (e.g., Boston Dynamics Spot Autonomy, ANYbotics

ANYmal autonomy, or ROS move base flex adapted to

legged platforms). These stacks provide strong geometric

guarantees but depend on (i) depth or lidar sensing and (ii)

a metric map or an online-built occupancy/elevation grid —

neither of which is available in our monocular, mapless,

semantic-target deployment. Purely image-based alterna-

tives such as visual servoing on bounding-box geometry can



track a target once it is in view but cannot produce a coher-

ent long-range approach when the detector is intermittent,

the heading is off-axis, or the camera pitches during gait.

We use this observation to motivate the learned approach

policy and include a bbox-only servo heuristic as a non-

learning reference point in our ablations.

Our work targets end-to-end multi-phase inspection for

legged robots using only monocular vision: we contribute

(i) online goal refinement from the robot’s stream, (ii)

phase-factorized approach/inspection policies, (iii) a vision-

only halting criterion with temporal-consistency guaran-

tees, and (iv) systematic system-level deployment and eval-

uation. The system architecture is shown in Figure 2.

3. Method

Our framework decomposes vision-based quadruped in-

spection into four coupled runtime modules: online goal

refinement, goal-conditioned approach, vision-only halting,

and circular inspection. Given only a monocular RGB

stream, the robot first detects the semantic target and con-

structs a goal crop from its own observations. As the

robot approaches, this goal representation is updated when

higher-quality target views become available. The refined

goal is then used by a goal-conditioned navigation policy

to drive long-range approach, while a lightweight target-

lock visual servoing module continuously corrects yaw to

keep the target centered. When the target reaches a sta-

ble image-space scale, a bbox-area-based halting rule trig-

gers the phase transition. The system then switches from

the approach checkpoint to an orbit-specialized checkpoint

of the same backbone to perform close-range inspection.

This phase-factorized design allows the same visual navi-

gation backbone to handle different control regimes without

changing the architecture.

3.1. Perception and Online Goal Refinement

At time t, the robot receives an RGB observation It ∈
R

H×W×3. A target detector D(·) predicts a bounding box

bt = (ut, vt, wt, ht) and confidence ct. Detections with

ct < cdet are discarded to remove low-confidence false pos-

itives. For each valid detection, we compute the normalized

bbox-to-frame area ratio

rt =
wtht
HW

, (1)

and extract a target crop Gt = C(It, bt).

Instead of using a fixed pre-collected goal image, we

maintain a cached goal Ĝt that is updated online from the

robot’s own camera stream. A cache update is accepted only

when the current detection is sufficiently confident, approx-

imately centered, and provides a larger target view than the

previous cached crop:

Ĝt =

{

Gt, ct ≥ ccache ∧ |ψerr,t| ≤ ψmax ∧ rt ≥ rcache + τr,

Ĝt−1, otherwise.

(2)

Here ccache > cdet is a stricter cache-update threshold,

rcache is the area ratio of the cached target crop, and ψerr,t is

the approximate yaw error estimated from the bbox center.

In practice, we require the update condition to hold for M
consecutive frames before replacing the cache. This avoids

goal thrashing caused by gait-induced camera pitch/roll os-

cillations and transient detector jitter. If the detector tem-

porarily drops out, the most recent cached goal remains

valid for a time-to-live window Tttl, allowing the naviga-

tion policy to continue using a stable goal representation.

3.2. Goal-Conditioned Approach with Target-Lock
Servoing

During the approach phase, the navigation backbone re-

ceives a short temporal context of observations Ictxt and the

refined goal crop Ĝt, and predicts a local waypoint and yaw

command:

ât = (∆xt,∆yt,∆ψ
nav
t ) = πθ

(

Ictxt , Ĝt

)

. (3)

The waypoint components drive the robot toward the target,

while ∆ψnav
t provides the policy-predicted heading change.

However, on a legged robot, the body-mounted camera

undergoes periodic pitch and roll motion during walking,

which causes the detected target to drift in the image even

when the global navigation direction is correct. To stabilize

target alignment, we add a lightweight image-based target-

lock servoing module. Given bbox bt = (ut, vt, wt, ht), the

bbox center and image center are

pt =

[

ut + wt/2
vt + ht/2

]

, p∗ =

[

W/2
H/2

]

. (4)

We use only the horizontal offset for yaw correction:

et =
pt,x − p∗x

W
=
ut + wt/2−W/2

W
. (5)

Under a pinhole camera model, this normalized offset is

mapped to an angular error by

αt ≈ etθFOV, (6)

which is the small-angle approximation of

arctan(2et tan(θFOV/2)).
To suppress small detector fluctuations, we apply a dead-

band:

δ(αt) =

{

0, |αt| ≤ ϵ,

αt, |αt| > ϵ.
(7)



Figure 2. Method overview of the proposed multi-phase vision-based navigation and inspection framework. Given a monocular RGB

frame, the system first detects the semantic target and performs online goal refinement by updating a cached goal crop only when the

detection satisfies confidence, alignment, and area-improvement conditions. The refined goal is then used by a goal-conditioned approach

policy, where observation and goal encoders are fused through a shared navigation backbone to predict waypoints and navigation yaw. A

vision-only halting module monitors the bbox-to-frame-area ratio, applies exponential smoothing, and triggers the phase transition only

when the smoothed ratio remains within a calibrated acceptance band for K consecutive frames. After arrival, the system switches to an

orbit-specialized checkpoint of the same backbone to generate local circular-inspection waypoints around the target.

The target-lock yaw-rate correction is then computed as

ωlock
t = clip (−kωδ(αt),−ωmax, ωmax) , (8)

where kω is the proportional gain and ωmax is the maxi-

mum allowed yaw rate. The final approach yaw command

is obtained by fusing the policy output with the target-lock

correction:

ωapproach
t =

∆ψnav
t

∆t
+ ωlock

t , (9)

where ∆t = 1/fctrl is the control period. Thus, the learned

policy provides long-range navigation, while target-lock

servoing provides closed-loop image-space stabilization.

3.3. Vision-Only Halting with Smoothing and Hys-
teresis

The same bbox-area ratio rt used for goal refinement is also

used to decide when the robot has reached the desired stand-

off distance. Since raw bbox size can fluctuate due to detec-

tor noise and legged gait motion, we first apply exponential

smoothing:

r̄t = αr̄t−1 + (1− α)rt. (10)

The robot is considered to have arrived only when the

smoothed ratio stays inside a calibrated acceptance band

[rmin, rmax] for K consecutive frames:

arrivedt = 1 [∀i ∈ {0, . . . ,K − 1}, rmin ≤ r̄t−i ≤ rmax] .
(11)

This creates a temporal hysteresis effect: a single noisy

frame cannot trigger arrival, and the system switches phase

only when the target remains at a stable image scale. In

our deployment, the band [rmin, rmax] is calibrated so that

the target bbox occupies approximately 20% of the image

frame, corresponding to a physical standoff of roughly 1.0–

1.2 m for the target object and onboard camera. Once

arrivedt = 1, the active checkpoint is switched from the

approach policy to the orbit policy.

3.4. Circular Inspection Motion

After halting, the robot enters the close-range inspection

phase. This phase uses an orbit-specialized checkpoint of

the same navigation backbone, which is trained to gener-

ate local waypoints suitable for circular motion around the

target. Let the predicted local waypoint be

wt =

[

∆xt
∆yt

]

. (12)

We approximate the local arc length by

st = ∥wt∥2. (13)

Given the desired orbit radius rorbit, the corresponding yaw

increment around the target is

∆ψorbit
t = ±

st
rorbit

, (14)

where the sign determines clockwise or counter-clockwise

inspection. The final orbit yaw-rate command combines the

geometric orbit term with the same target-lock correction

used during approach:

ωorbit
t =

∆ψorbit
t

∆t
+ ωlock

t . (15)



The orbit term drives the robot along a circular trajectory,

while ωlock
t keeps the target centered in the camera view

during inspection. As a result, the system maintains visual

focus on the target even under gait-induced camera pertur-

bations, enabling stable close-range inspection using only

monocular RGB input.

4. Dataset

We collect a real-world navigation and inspection dataset

using a 12-DOF quadruped equipped with a forward-facing

RGB camera and onboard odometry. The dataset contains

120 trajectories recorded in deployment-relevant environ-

ments, including both indoor scenes and outdoor daylight

conditions. The use of a legged platform is important for

the target application, where inspection sites may contain

grass, gravel, curbs, and other terrain transitions that are dif-

ficult for wheeled robots [5]. All data are therefore collected

directly on the same quadruped platform used for deploy-

ment, ensuring that the learned policies are exposed to re-

alistic camera motion, gait-induced viewpoint changes, and

terrain-dependent motion patterns.

The trajectories are collected by manually teleoperating

the quadruped with a joystick to approach a semantic tar-

get, i.e., a backpack, and, when applicable, perform a cir-

cular inspection motion around it. Each recorded trajec-

tory is stored as a ROS bag and contains synchronized RGB

and odometry streams. The RGB stream provides the vi-

sual observations It used by the detector, online goal re-

finement module, and goal-conditioned navigation policy.

The odometry stream provides the robot pose (xt, yt, ψt),
which is used for trajectory analysis and evaluation metrics

such as approach progress and stopping consistency. After

preprocessing, each trajectory contains 120–2000 frames,

covering either the full approach behavior or the combined

approach and inspection behavior.

Data composition. The dataset covers two types of en-

vironments and two motion regimes. In terms of environ-

ment, it contains 75 indoor trajectories and 45 outdoor day-

light trajectories collected under varying illumination and

weather conditions. In terms of motion, it contains 84

approach-only trajectories and 36 approach-plus-inspection

trajectories. The approach-only trajectories capture goal-

directed navigation toward the target, while the approach-

plus-inspection trajectories include both target approach

and subsequent circular/orbital inspection behavior.

Sensor streams. Each trajectory contains two synchro-

nized sensor streams:

• RGB images: compressed image frames from the

forward-facing onboard camera, used as the only percep-

Table 1. Summary of the collected real-world quadruped naviga-

tion dataset.

Category Type # of trajectories

Environment
Indoor 75

Outdoor daylight 45

Motion regime
Approach-only 84

Approach + inspection 36

Total – 120

tion input for detection, goal refinement, and policy infer-

ence.

• Odometry: per-timestep robot pose (xt, yt, ψt), used

only for supervision and evaluation rather than as an input

to the deployed policy.

Relevance to deployment. The dataset is designed to re-

flect the practical deployment setting of vision-based in-

spection. Since the robot observes the target from different

distances and viewpoints during each trajectory, the data

naturally supports online goal refinement from far, noisy

detections to closer, clearer target views. The inclusion

of both approach-only and approach-plus-inspection trajec-

tories also supports the proposed phase-factorized training

strategy, where one checkpoint specializes in long-range ap-

proach and another checkpoint specializes in close-range

orbital inspection.

5. Experiments

We evaluate on 20 held-out test trajectories (80 train /

20 validation) and through live quadruped deployment.

Our experiments compare: (E1) pretrained ViNT/NoMaD

checkpoints with no fine-tuning; (E2) a single fine-tuned

policy trained on mixed approach and orbit segments; and

(E3) two specialized fine-tuned policies, πB (approach) and

πC (orbit), switched at the phase boundary. Live testing

uses the two-phase (E3) policy combined with online goal

refinement, bbox-ratio halting, and target-lock visual servo-

ing.

5.1. Scenarios for live testing

Outdoor daylight tests used a backpack placed 7 m from

the quadruped starting position. Each scenario was run for

n = 20 trials with varied placements of the quadruped and

backpack:

• Scenario 1 (on-axis): target in the line of sight along the

quadruped’s heading direction.

• Scenario 2 (off-axis 60◦): target within a 60◦ angular

field-of-view centered on the heading.

• Scenario 3 (off-axis 90◦): target within a 90◦ angular

field-of-view centered on the heading.

• Scenario 4 (halting ablation): on-axis placement at 7 m,

identical to Scenario 1, used to isolate the halting crite-



rion; the target-lock loop is active but evaluation focuses

on whether the robot stops at the desired ∼1.0–1.2 m

standoff without overshoot or premature halt.

• Scenario 5 (target-lock ablation): 90◦ off-axis curved-

path approach, identical geometry to Scenario 3, used to

isolate the contribution of target-lock visual servoing by

toggling the servo loop on/off while holding the approach

policy fixed.

Scenarios 4 and 5 are reported in the ablation studies in Sec-

tion 5.3.1.

5.2. Metrics

Technical metrics — training objective (action loss).

We train by optimizing the action mean-squared error

(MSE). Let Â ∈ R
B×T×D denote the predicted actions

and A ∈ R
B×T×D the ground-truth action labels. The per-

element unreduced MSE is

ℓmse(Â, A) = (Â−A)⊙ (Â−A), (16)

and the action loss is obtained by reducing (averaging) over

non-batch dimensions:

Laction = Reduce
(

ℓmse(Â, A)
)

, (17)

where Reduce(·) is a mean over the horizon/waypoint di-

mensions (optionally with masking) [8].

Navigation accuracy (cosine similarities). We evaluate

navigational prediction accuracy using cosine similarity on

(i) waypoint vectors and (ii) orientation vectors. With

Âwp
t = Ât,:,1:2 and Awp

t = At,:,1:2 as the 2D waypoint com-

ponents, and Âori
t , Aori

t as the orientation components, co-

sine similarity is cos(x,y) = x⊤y/(∥x∥∥y∥) and the two

reported metrics are

CosSimwp = Reduce
(

cos(Âwp, Awp)
)

, (18)

CosSimori = Reduce
(

cos(Âori, Aori)
)

. (19)

Business metrics (live deployment).

• Phase-1 success % (detection + approach + stop): frac-

tion of trials where the quadruped navigates to the target

and halts for a pre-defined time.

• Phase-2 success % (orbit transition + circular motion):

fraction of trials where the quadruped completes one full

360◦ loop around the target and halts.

• End-to-end success %: Phase-1 AND Phase-2 succeed

in the same run.

For live-testing metrics we report point estimates with 95%

Wilson confidence intervals over n = 20 trials per cell.

5.3. Quantitative results

Figure 3 shows representative video frames from a naviga-

tion trial: starting from the initial position, the robot au-

tonomously navigates toward the bag, transitions from the

approach policy to the orbiting policy upon arrival, and

completes a full circulation around the target. Table 2 re-

ports held-out trajectory performance using ViNT, while Ta-

ble 3 reports the corresponding results using NoMaD. Ta-

ble 4 further reports live-deployment performance with trial

counts and 95% Wilson confidence intervals. Component-

level ablation studies are reported in Tables 5 and 6.

Table 2. Performance of ViNT on test trajectories

Method Laction ↓ CosSimwp ↑ CosSimori ↑

Pretrained ViNT (no FT) 2.53 0.22 0.80

Single-policy ViNT (FT) 0.71 0.62 0.95

Two-policy ViNT (FT) 0.67 0.94 0.97

Table 3. Performance of NoMaD on test trajectories

Method CosSimwp ↑ CosSimori ↑

Pretrained NoMaD (no FT) 0.27 0.74

Single-policy NoMaD (FT) 0.68 0.94

Two-policy NoMaD (FT) 0.92 0.94

The results show that factorization provides a significant

improvement over a single mixed policy. For ViNT, the pre-

trained checkpoint performs poorly on waypoint prediction,

achieving only 0.22 waypoint cosine similarity and an ac-

tion loss of 2.53. Fine-tuning a single policy improves the

action loss to 0.71 and increases waypoint cosine similarity

to 0.62, showing that the backbone can adapt to the col-

lected quadruped trajectories. However, the proposed two-

policy design further improves performance, reducing the

action loss to 0.67 and increasing waypoint cosine similar-

ity to 0.94. This corresponds to a 73.5% reduction in ac-

tion loss and a 0.72 absolute improvement in waypoint co-

sine similarity compared with the pretrained ViNT check-

point. Orientation prediction also improves from 0.80 to

0.97, indicating that the phase-factorized policy better cap-

tures both translational and heading control.

A similar trend is observed for NoMaD. After single-

policy fine-tuning, waypoint cosine similarity increases to

0.68 and orientation cosine similarity improves to 0.94.

The proposed two-policy NoMaD further improves way-

point cosine similarity to 0.92, giving a 0.65 absolute im-

provement over the pretrained checkpoint and a 0.24 abso-

lute improvement over the single-policy fine-tuned model.

The orientation metric remains high at 0.94, suggesting that

the main benefit of phase factorization for NoMaD is an

improved waypoint prediction rather than a heading predic-

tion.



Figure 3. Qualitative comparison of predicted trajectories across four navigation scenarios. The ground truth path is shown in dark green,

the NoMaD baseline in blue, and our method in orange.

Overall, the two-policy design consistently achieves the

best or near-best performance across both backbones. Com-

pared with single-policy fine-tuning, it improves waypoint

cosine similarity from 0.62 to 0.94 for ViNT and from 0.68
to 0.92 for NoMaD. These gains support our motivation

that approach and orbiting impose different control require-

ments: a single policy trained on mixed behaviors tends to

average over these regimes, while a separate approach and

orbit checkpoints allow the same backbone family to spe-

cialize to each phase. The consistency of the improvement

across both ViNT and NoMaD also indicates that the pro-

posed phase-factorized deployment is backbone-agnostic

rather than specific to one navigation model.

Table 4 reports live-deployment results on the 12-DOF

quadruped under three target-placement scenarios. In Sce-

nario 1, where the target is placed on-axis with the robot

heading, the pretrained ViNT and NoMaD checkpoints both

fail to complete the full inspection task: although each

achieves only 5% Phase-1 success, neither can transition to

successful orbiting, resulting in 0% end-to-end success. In

contrast, fine-tuned phase-factorized policies achieve sub-

stantially higher performance. ViNT (FT) obtains 95%
Phase-1 success, 95% Phase-2 success, and 90% end-to-end

success, while NoMaD (FT) reaches 95% success across

all three metrics. This demonstrates that direct deploy-

ment of pretrained visual navigation backbones is insuffi-

cient for the quadruped inspection setting, whereas task-

specific fine-tuning with the proposed multi-phase design

enables reliable real-world execution.

Across the off-axis scenarios, the fine-tuned systems

maintain strong performance despite increasing viewpoint

difficulty. In Scenario 2 (60◦ off-axis), ViNT (FT) achieves

90% Phase-1 and end-to-end success, while NoMaD (FT)

achieves 95% for both. In Scenario 3 (90◦ off-axis), the task

becomes more challenging because the robot must recover

target alignment from a larger heading offset. Under this

setting, ViNT (FT) obtains 85% Phase-1 success and 80%
end-to-end success, while NoMaD (FT) obtains 85% Phase-

1 success and 85% end-to-end success. Importantly, Phase-

2 success remains consistently high at 95% across all fine-

tuned models and scenarios, indicating that once the robot

reaches the correct standoff and triggers the phase transi-

tion, the orbit-specialized checkpoint can reliably complete

the circular inspection behavior.

The end-to-end mission time also remains stable across

scenarios. For fine-tuned methods, the average E2E time

ranges from 1.8 to 2.5 minutes, with NoMaD (FT) being

slightly faster than ViNT (FT) in all reported scenarios. The

increase in time from on-axis to 90◦ off-axis placements re-

flects the additional correction required for larger heading

offsets, but the system still completes the inspection within

a practical deployment window. Since each cell contains

n = 20 trials, the Wilson confidence intervals are relatively

wide; for example, a 95% success rate corresponds to a

confidence interval of [76.4, 99.1]. Therefore, we do not

claim statistically significant differences among the fine-

tuned success rates. Instead, the main quantitative finding

is the clear gap between pretrained and fine-tuned deploy-

ment, together with the robustness of the proposed multi-

phase system across increasingly difficult target-placement

angles.

5.3.1. Ablation studies

Table 5 evaluates the effect of different vision-only stopping

criteria during live testing. The proposed goal occupation

criterion, which uses the bbox-to-frame-area ratio of the

currently observed target, achieves the highest Phase-1 suc-

cess rate of 90%. This outperforms feature-similarity-based

stopping by 25 percentage points and bbox-ratio stopping

based on a repository goal by 16 percentage points. The im-

provement indicates that directly measuring the target’s im-

age occupancy provides a more reliable proxy for physical

standoff distance than comparing visual features or relying

on a fixed pre-collected goal image. In Scenario 4, where

the robot starts on-axis 7 m from the target, this criterion

enables the quadruped to approach the backpack and stop

consistently within the desired ∼1.0–1.2 m standoff range.

Table 6 further validates the importance of the target-

lock visual servoing module. In the 90◦ off-axis curved-



Table 4. Live-testing results with trial counts and 95% Wilson confidence intervals. n = 20 trials per (Scenario, Method) cell; percentages

are shown with CIs in brackets. E2E = end-to-end

Scenario Method n Phase-1 % [95% CI] ↑ Phase-2 % [95% CI] ↑ E2E % [95% CI] ↑ E2E time (s) ↓

1

Pretrained ViNT 20 5 [0.9, 23.6] 0 [0.0, 16.1] 0 [0.0, 16.1] 3.0

Pretrained NoMaD 20 5 [0.9, 23.6] 0 [0.0, 16.1] 0 [0.0, 16.1] 3.0

ViNT (FT) 20 95 [76.4, 99.1] 95 [76.4, 99.1] 90 [69.9, 97.2] 2.0

NoMaD (FT) 20 95 [76.4, 99.1] 95 [76.4, 99.1] 95 [76.4, 99.1] 1.8

2
ViNT (FT) 20 90 [69.9, 97.2] 95 [76.4, 99.1] 90 [69.9, 97.2] 2.2

NoMaD (FT) 20 95 [76.4, 99.1] 95 [76.4, 99.1] 95 [76.4, 99.1] 2.0

3
ViNT (FT) 20 85 [64.0, 94.8] 95 [76.4, 99.1] 80 [58.4, 91.9] 2.5

NoMaD (FT) 20 85 [64.0, 94.8] 95 [76.4, 99.1] 85 [64.0, 94.8] 2.3

Table 5. Stopping criteria ablation study during live testing

Stopping criterion Phase-1 % ↑

(A) Feature similarity 65

(B) Bbox ratio (repository goal) 74

(C) Goal occupation (bbox/frame area) 90

Table 6. Target-lock visual servoing ablation during live testing

Visual servoing enabled Phase-1 % ↑

(A) Yes 95

(B) No 15

path setting, enabling visual servoing yields 95% Phase-1

success, whereas removing it reduces success to only 15%.

This 80-percentage-point drop shows that the learned navi-

gation policy alone is not sufficient to maintain target align-

ment under large heading offsets and gait-induced camera

perturbations. Without target-lock correction, the robot of-

ten loses the target from the camera view or moves toward

an incorrect heading; the few successful trials correspond

mainly to cases where the target remains close to the robot’s

initial line of sight. These results confirm that both pro-

posed components are necessary: bbox-area-based halting

provides stable depth-free arrival, while visual servoing en-

ables robust approach under off-axis target placements.

Non-learning reference baseline. As a sanity check

against a purely classical alternative, we implemented a

bbox-only PID heuristic on the same legged platform: for-

ward body velocity proportional to (rtarget − r̄t) and yaw

rate proportional to the normalized bbox-center offset et,
with no learned policy and no goal caching. This base-

line succeeded in 5/10 line-of-sight trials (Scenario 1) but

0/10 in Scenario 3 (90◦ off-axis), because it cannot plan a

turn through a heading gap: the target leaves the FOV as

soon as the quadruped begins yawing, and the controller

loses its only feedback signal. Classical map-based legged-

autonomy stacks (depth/lidar SLAM + traversability plan-

ner) were not evaluated as they require sensors and a met-

ric map that are explicitly out of scope for the customer’s

monocular, mapless deployment envelope.

5.4. Qualitative results

Figure 3 presents a qualitative comparison of trajectory

predictions across four representative navigation scenarios

with varying path lengths and curvatures. In all cases,

our method (orange) produces trajectories that are visually

closer to the ground truth (dark green) than the NoMaD

baseline (blue). Specifically, our method better captures the

smooth curvature of the reference path, maintaining tighter

geometric alignment throughout the entire trajectory rather

than cutting corners or deviating laterally in high-curvature

segments. This advantage is most pronounced in scenarios

with longer distances and sharper turns (panels 1 and 3),

where NoMaD exhibits noticeable lateral offsets and slight

kinks in the mid-trajectory region, while our method con-

sistently follows the ground truth arc. In gentler, shorter-

range scenarios (panels 2 and 4), both methods reach the

goal successfully, but our method still demonstrates better

path fidelity and approach angle. More qualitative results

with generated trajectories comparisons are shown in Ap-

pendix.

6. Conclusion

We presented a deployed multi-phase inspection system

for quadrupeds combining online goal refinement, a phase-

factorized deployment of two specialized policy check-

points on a 12-DOF quadruped, a vision-only halting rule,

and a target-lock servo loop that runs across both phases to

absorb gait-induced camera perturbations. Across three out-

door daylight approach scenarios with 20 trials each (n =
60 total), fine-tuned phase-factorized systems achieved 85–

95% Phase-1, 95% Phase-2, and 80–95% end-to-end suc-

cess at a consistent ∼1.0–1.2 m standoff (Table 4). Live

ablations confirm that the occupation-ratio halting rule and

target-lock module are each individually necessary for reli-

able non-line-of-sight approaches (Tables 5 and 6), and the

pipeline integrates with both ViNT and NoMaD backbones

without modification. Our evaluation is scoped to outdoor

daylight conditions, backpack-class targets, and largely un-

cluttered approach paths. Extending validated performance

to cluttered environments, multi-target scenes, broader ob-

ject categories, and adaptive halting thresholds that gener-

alize across target sizes are the primary directions for ongo-

ing work, along with open-vocabulary detection and multi-

altitude inspection for search-and-rescue, security, and in-

dustrial applications.
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Appendix

A. Qualitative results

Figure 4 shows representative video frames from a naviga-

tion trial: starting from the initial position, the robot au-

tonomously navigates toward the bag, transitions from the

approach policy to the orbiting policy upon arrival, and

completes a full circulation around the target.

Another two trajectories generated from the models and

compares them with the ground-truth trajectory are shown

in Figs. 5 and 6, which demonstrates that our model can

achieve more accurate and superior performances on trajec-

tory generation.

B. Stopping criteria comparison

This section presents a comparative analysis of the stopping

criteria tested. Each plot shows the stopping-criterion met-

ric (y-axis) as a function of the distance from the approach

start position to the target bag (x-axis), where distance is

computed from odometry data. Figure 7 shows the criterion

based on similarity between the observation frame and the

goal frame selected from the repository, Figure 8 shows the

ratio of the bbox area of the goal in the observation frame

to the bbox area of the goal in the frame selected from the

repository, and Figure 9 shows the criterion based on the

bbox area of the goal in the observation frame divided by

the area of the whole observation frame.

C. Live testing

This section shows the path followed by the quadruped

during live testing using the finetuned model and the best

stopping criterion (criterion 3). The smooth execution of

this composite navigation task—combining goal-directed

approach and orbital inspection—validates the practical ap-

plicability of our phase-factorized framework.

D. Implementation details

Hardware platform.

• 12-DOF quadruped robot with forward-facing monocular

RGB camera.

• Camera resolution: 1920 × 1080 pixels.

• Frame rate: 5 Hz.

• Onboard compute: NVIDIA Jetson-class edge compute.

Object detection.

• Architecture: Faster RCNN [3].

• Training data: frames containing backpacks at distances

up to 7 m.

• Detector admission threshold: cdet = 0.5.

• Inference frequency: 5 Hz (synchronized with camera).

Policy training.

• Base architecture: ViNT [8].

• Optimizer: Adam.

• Learning rate: 1.5× 10−4.

• Batch size: 64.

• Context type: temporal (stacked frames).

• Context size: 5 frames.

• Training epochs: 20.

• Data augmentation: random color jitter applied to input

frames.

• Training hardware: AWS g5.12xlarge instance (4×
NVIDIA A10G GPUs).

• Training time: ∼2 hours per policy.

• Fine-tuning: separate policies trained for Phase-1 (ap-

proach) and Phase-2 (inspection).

Goal refinement hyperparameters (see Sec. 3.1 in the

main text).

• EMA smoothing coefficient: α = 0.40.

• Area ratio update threshold: τr = 0.05).

• Cache-update confidence gate: ccache = 0.7 (distinct from

detector admission threshold cdet = 0.5 above).

Halting criterion parameters.

• Acceptance band: rmin = 0.18, rmax = 0.22).

• Physical standoff corresponding to this band: ∼1.0–1.2 m

for the target geometry used in training.

• Stability window: K = 10 consecutive frames.

• EMA coefficient: α = 0.40.

Target-lock parameters

• Proportional yaw gain: kω = 0.5).

• Deadband threshold: ϵ = 0.1 rad ≈ 5.7◦).

• Maximum yaw rate: ωmax = 0.12 rad/s).

• Camera horizontal FOV: θFOV = 2.27 rad ≈ 130◦).

Circular inspection parameters (see Appendix ??).

• Desired orbit radius: rorbit = 1 m).

• Control frequency: fctrl = 9 Hz).

• Inspection duration: one complete 360◦ loop.

System integration.

• Framework: ROS Noetic.

• Deployment platform: onboard computation on the

quadruped.



Figure 4. Video frames showing that the robot can navigate successfully from the starting point to the front of the bag and finish the

circulation motion around the bag.

Figure 5. Predicted trajectory using pre-trained NoMaD check-

point
Figure 6. Predicted trajectory from our proposed approach



Figure 7. Stopping criterion 1: comparing the encoding of the

observation frame and the goal frame from the goal repository

Figure 8. Stopping criterion 2: ratio of the area of the bbox of the

goal in the observation frame and area of the bbox of the goal in

the frame from the goal repository

Figure 9. Stopping criterion 3: ratio of the area of the bbox of the

goal in the observation frame and the area of the observation frame

(occupation ratio). Does not use any goal repository


	Introduction
	Related Works
	Method
	Perception and Online Goal Refinement
	Goal-Conditioned Approach with Target-Lock Servoing
	Vision-Only Halting with Smoothing and Hysteresis
	Circular Inspection Motion

	Dataset
	Experiments
	Scenarios for live testing
	Metrics
	Quantitative results
	Ablation studies

	Qualitative results

	Conclusion
	Qualitative results
	Stopping criteria comparison
	Live testing
	Implementation details

