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Abstract: This study proposes a method to help trainers observe guide dogs’ condition on a frame-

by-frame basis in a visual feedback interface. An evaluation system using spatial features derived

from 3D skeleton reconstruction is constructed.
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1. Introduction

Currently, the number of guide dogs can hardly meet
the demand of people with visual impairments. One of
the main reasons for this shortage is the lengthy training
process and the low success rate in guide dog training. In
particular, inexperienced trainers often struggle due to a
lack of practical knowledge in judging the dogs’ behav-
ior and condition.Virtual Reality(VR) technology, which
is widely used in the field of education and skill trans-
fer, offers promising support in this domain. By simulat-
ing realistic training scenarios, VR enables inexperienced
trainers to gain hands-on experience without risking the
well-being of real dogs. It also allows repeated exposure
to rare or difficult situations, helping trainers improve
their responsiveness and decision-making.

In order to realize VR-based training assistance, it
is necessary to first establish a visual representation of
guide dog training within a computational environment.
This includes various aspects of the training process, such
as the guide dog’s condition by integrating visual, be-
havioral, and analytical information. By presenting the
training scenes from a third-person perspective, the sys-
tem affords trainers a multifaceted view of the dog’s con-
dition and behavior. Such visual feedback facilitates a
more informed interpretation of training outcomes, sup-
porting data-driven reflection and refinement of instruc-
tional strategies.

In this study, we introduce such an interface that in-
tegrates various forms of information for each frame of
the training session. Specifically, it displays the raw 2D
video, four-angle 2D views, a 3D skeleton model, frame-
level feature values, a computed training score, and sum-
mary charts of key behavioral indicators. Among these,
the training score serves as a comprehensive analytical
output, integrating three key indicators to evaluate the

dog’s condition.

2. Related Work
2.1 Guide Dog Training Evaluation

Evaluating guide dog training requires precise behav-
ioral analysis, which 3D skeleton reconstruction can sup-
port by capturing detailed motion data. Huang et al.
introduced a system that generates 3D skeletal data for
both humans and dogs using 2D keypoints and triangu-
lation, enabling outdoor evaluation without fixed cam-
eras [1]. However, due to its limited reconstruction ac-
curacy, it remains insufficient for detecting subtle behav-
ioral cues.

Uchida et al. adopted a fixed camera setup with checker-
board based calibration, allowing a more accurate esti-
mation of both intrinsic and extrinsic parameters [2].
2.2 Training Assistance Interface

Designing an effective training assistance interface re-
quires not only the visualization of raw input data, but
also the integration of structured information that helps
trainers intuitively assess the subject’s condition and per-
formance. Previous work such as PoseCoach has demon-
strated that combining 2D video with reconstructed 3D
skeletons and synchronized metric displays can support
detailed movement analysis and facilitate the understand-

ing of training outcomes [3].

3. Methods
3.1 3D Skeleton Reconstruction

The 3D skeleton reconstruction method mainly follows
the previous research from Uchida [2]. Using four-angle
videos shot on the same object to extract the 2D skeleton
points of guide dogs and humans by the Pytorch-based
pose estimation model MMPose [4]. Then, combining the
intrinsic and extrinsic parameters obtained from camera
calibration, the dog and human skeleton information can

be triangulated into the 3D coordinates respectively.
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3.2 Task Selection

According to the Japan Guide Dog Association, com-
monly tested behaviors include HEEL, WAIT, COME,
DOWN;, SIT. In this study, we focus on HEEL which re-
quires the dog to walk consistently at the trainer’s left
side, adjusting its pace and direction in response to the
trainer’s movement and commands.
3.3 Indicators

To assess the dog’s engagement during training, we fo-
cus on spatial features that are directly related to its po-
sition and orientation relative to the trainer. Specifically,
we select three indicators: front distance, side distance,
and the signed angle between the dog and human.
3.3.1 Front Distance(FD) and Side Distance(SD)

A distance vector from the guide dog’s withers to the
trainer’s left hip is defined. This vector is projected onto
the ground plane, and its components are analyzed with
respect to the trainer’s horizontal motion direction. The
component aligned with the anterior-posterior axis is re-
ferred to as the FD, representing how far forward or back-
ward the dog is positioned relative to the trainer. The
component orthogonal to this direction is defined as the
SD, which reflects the lateral deviation of the dog from
the trainer’s side.
3.3.2 Signed Angle Between Dog and Human(SA)

In addition to positional distances, the angular align-
ment between the dog and the trainer is also analyzed.
Two vectors are defined: one from the dog’s withers to
its tail base, and another from the trainer’s left and right
hip midpoint to their torso direction. By projecting both
vectors onto the ground plane, we compute the signed an-
gle between them.
3.4 Interface

To assist trainers in intuitively assessing guide dog
behavior during training sessions, we designed an in-

terface(Figure 1) that integrates several models: video

frames, multi-angle views, 3D skeleton visualization, feature-

based evaluations and summary analytics. Each compo-
nent is designed to provide interprescore and synchro-
nized information at both the frame and session levels.

The interface is developed as a browser-based appli-
cation using HTML5, JavaScript, and the PapaParse li-
brary [5]. Video playback and canvas-based visualiza-
tions are implemented with native HTML elements.
3.4.1 Frame Selection(M1)

Users can select specific frames for detailed inspection
through two methods. The first is by directly inputting
the desired frame number. The second is by interactively

scrolling through the video playback.

3.4.2 Four-Angle View(M2)

To offer a more comprehensive visual reference, the in-
terface displays synchronized video frames from four dif-
ferent camera angles, each capturing the dog and trainer
from a distinct perspective.

3.4.3 3D Skeleton View(M3)

This module visualizes the 3D skeletons of both the
guide dog and the trainer, reconstructed from multi-camera
footage as described in Section 3.1.

3.4.4 Feature Evaluation and Training Score(M4)

This section displays the extracted indicator values for
the selected frame. The top rows show the raw numer-
ical values of the three indicators introduced in Section
2.3. The lower rows present a qualitative evaluation of
each indicator based on threshold values recommended
by the Japan Guide Dog Association (see score 1). Val-
ues falling outside the normal range are regarded as large
deviations.

The last line of M4 presents the training score com-
puted for the current frame. As described earlier, this
score integrates the evaluations of the three indicators.
A score of 2 is assigned if the indicator falls within the
recommended range, 1 if within the normal but not rec-
ommended range, and 0 otherwise. The total score is the

sum of the three, yielding a range from 0 to 6.

Table 1: Defined criteria ranges for Good Domain
(GD) and Normal Domain (ND) for each indica-

tor

FD(m) SD(m) SA(deg)

GD [-0.1, 0.1] [0.15, 0.35] [~15, 30]

ND [-0.2, 0.2] [0.1, 0.45] [-25, 50]

3.4.5 Overall Training Summary(M5)

To provide a session-level overview, this section dis-
plays the distribution of frame counts across evaluation
categories. The red bars indicate the number of frames
falling within the recommended range, while the green

bars represent frames within the broader normal range.

4. Experiments and Results
4.1 Effectiveness of the Score Method

To evaluate the effectiveness of the proposed training
score, we conducted a comparative experiment using two
guide dogs with different training levels. According to
the previous research done by Uchida [2], one dog was
classified as well-trained(WT), while the other had just
started training, here we define it as less-training(LT).
Both dogs were instructed to perform the same task, last-

ing 30 seconds, under identical environmental conditions
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Figure 1: Overall View of the Interface

and with the same trainer.

To facilitate detailed behavioral analysis, the task was
segmented into seven stages. These stages are arranged
in chronological order, reflecting the actual progression
of the training session. Each stage was manually deter-
mined based on the moment when the trainer issued a

specific instruction.

1. Preparation: The trainer is stationary at the start-
ing location and has not yet issued any verbal com-

mands.

2. After Instruction: Defined as the initial 150 frames
(2.5 seconds) immediately following the issuance of
the HEEL command.

3. Normal-Speed HEEL: The phase during which the
dog is executing the HEEL behavior at the trainer’s

normal walking pace.

4. Start Turn: A transitional phase encompassing the
100 frames (1.7 seconds) just before the trainer ini-

tiates a directional change.

5. After Instruction during HEEL: Defined as the 100
frames (1.7 seconds) immediately after receiving

the trainer’s instruction of Slow-Speed Heel.

6. Slow-Speed HEEL: The dog performs the HEEL

task at a deliberately reduced pace.

7. End: The final 100 frames (1.7 seconds) after the
trainer has signaled the end of the HEEL behavior

and ceased movement.

The mean scores of both dogs across these stages are
shown in Table 2. The WT dog demonstrated consis-
tently high performance throughout the task, with a par-
ticularly notable performance during the Slow-Speed HEEL
and End stages (mean scores of 4.74 and 4.33, respec-
tively). This suggests that the dog clearly interprets the
trainer’s intentions and maintains an appropriate behav-

ioral state.

In contrast, the less-trained dog exhibited generally
lower scores. Although the score was relatively high im-
mediately after commands were issued (e.g., 3.93 in After
Instruction), it declined significantly in later stages, with
the lowest values during Slow-Speed HEEL (1.48) and
End (1.15). This reflects a common behavioral pattern
in less-experienced dogs—initial responsiveness followed
by reduced engagement over time.

These results are consistent with practical observations
of guide dog behavior. The stage-wise breakdown further
illustrates how the score can reveal subtle temporal dy-
namics in the dog’s condition across different phases of
task execution. Along with the further analysis based on
this measurement, it is desirable to specify the quantified
analysis of guide dog attention and capture its dynamics
during the training, which is a good way to present the

assistance to the training process.

Table 2: Mean scores for each training state (WT
dog and LT dog)

State WwWT LT

Preparation 3.945 3.580
After Instruction 3.273  3.927
Normal-Speed HEEL 3.390  2.530
Start Turn 3.560 2.480

After Instruction during HEEL ~ 3.320  3.300
Slow-Speed HEEL 4.743  1.484
End 4.330 1.150

4.2 Interface Output and Interpretation

In addition to the frame-level evaluation scores, the
interface was designed to support intuitive interpretation
and efficient behavior review. Each module within the
interface contributes to a different aspect of information
delivery and facilitates understanding of the guide dog’s
engagement state.

M1: The frame selection module allows users to quickly
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locate specific frames either by direct input or by scrolling
through video playback. This is particularly useful when
investigating low-score segments, enabling targeted ex-
amination of the dog’s behavior in context.

M2: The four-angle view presents synchronized footage
from four camera perspectives. By viewing the same mo-
ment from different angles, users can visually verify the
dog’s relative position, gait, and responsiveness, support-
ing interpretation of score results.

M3: The 3D skeleton view further enhances spatial
understanding by visualizing posture and movement di-
rection. This was especially helpful in identifying subtle
misalignments during turning phases or slow-paced walk-
ing, where 2D video alone might be ambiguous.

M4: The feature value and evaluation panel provides
immediate feedback on which indicators the dog’s per-
formance. When reviewing frames from the End stage
of the less-trained dog, users could observe that multiple
indicators fell outside the normal range, making it clear
why the score was low.

The training score display aggregates the three indica-
tors into a single, interpretable metric, facilitating rapid
comparison across frames and phases.

M5: The overall analysis graph visualizes the frame

distribution across score categories throughout the task.

5. Discussion

While the proposed interface shows promise in inte-
grating visual and analytical feedback for guide dog train-
ing evaluation, several limitations and future directions
remain.

First, the system currently operates only in offline mode

using pre-recorded video and pre-processed skeleton data.

To support real-time application, a fully automated pipeline

is required for 2D keypoint extraction, 3D reconstruc-
tion, feature computation, and score visualization. Ad-
vancements in lightweight pose estimation models and
GPU-accelerated processing could make this technically
feasible in future iterations.

Second, the training score relies on rule-based thresh-
olds defined by the Japan Guide Dog Association. Al-
though this ensures initial interpretability, it lacks flexi-
bility across different dogs. Machine learning-based scor-
ing models trained on large-scale annotated data may
offer greater adaptability and allow for personalized eval-
uation of engagement and performance.

Third, with 3D skeletal data already available for both
the trainer and the dog, actual motion can be mapped
onto 3D models to create immersive VR experiences. By

modeling behavior patterns at various training levels and

collecting more training data, we aim to reproduce di-
verse training scenarios in a VR environment, enabling

experiential learning for novice trainers.

6. Conclusion

This study presents a visualization interface designed
to assist in guide dog training evaluation by integrat-
ing multi-view video, 3D skeleton analysis, feature-based
interpretation, and a computed training score. Through
comparative experiments, we demonstrate that the train-
ing score effectively distinguishes between WT and LT
dogs, and that the interface supports intuitive under-
standing of behavioral performance at both the frame
and session levels.

The modular design of the interface enables users to
explore training behavior from multiple perspectives and
provides a foundation for more objective and scalable
evaluation of guide dog engagement. Future improve-
ments in real-time processing and data-driven scoring
models hold promise for further enhancing the applica-
bility and precision of the system in practical training
scenarios and in the VR environment.
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