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1. Introduction

Multimodal sensing platforms are increasingly used to support human—machine
teaming in tactical environments by capturing gaze, pose, and environmental
features from both Soldiers and autonomous systems. In these settings, head-
mounted sensors and body-worn systems can provide real-time insight into what
individual operators are observing; thus, enabling improved coordination and
shared situational awareness. While previous work has explored geometric gaze
estimation (Mora and Odobez 2014) and object detection (Zhao et al. 2019)
separately, few efforts have combined these modalities to achieve persistent,
object-level gaze localization in three dimensions (Kellnhofer et al. 2019). In
particular, current methods often struggle with ambiguity when multiple Soldiers
observe similar objects from different viewpoints (Beyerer et al. 2021), or when
sensor noise degrades geometric accuracy (Zemblys et al. 2019).

In this research, we propose a method for localizing the intersection of a Soldier’s
gaze with objects in a 3D environment using both geometric and visual features.
Our system fuses gaze vectors, camera pose data, and high-dimensional visual
embeddings to identify and persistently associate gaze hits with objects over time.
This fused representation allows multiple users—and autonomous platforms such
as unmanned aerial systems (UAS)—to share a consistent, machine-readable map
of which targets have been observed, when, and by whom.

2. Methods

Data was collected during controlled-field and mixed-reality experiments using a
suite of wearable and environmental sensors. Each participant was equipped with a
Microsoft HoloLens 2 headset, which provided first-person video, eye tracking, and
head-pose tracking to capture gaze and head position and orientation. Participants
walked freely throughout the environment and were tasked with visually
identifying and aiming their gaze at static-colored targets—specifically, red and
yellow boxes positioned throughout the space. The 3D positions of these targets
were recorded by standing at each box location with the HoloLens 2 to capture
accurate spatial ground truth. All data streams were time stamped and synchronized
to ensure accurate temporal alignment for downstream analysis.

2.1 Data Standardization with STAIT

All raw data collected from the HoloLens including gaze, head pose, and video
were converted into the Spatiotemporal Analysis and Inference Toolkit (STAIT)
format. STAIT addresses the lack of standardization in coordinate systems across



VR/AR/XR devices and sensors. For example, axis definitions such as the positive
Y-axis may vary across platforms, which complicates multisensor fusion and
spatial alignment.

STAIT provides a unified coordinate system and structured data schema for
representing 3D position, orientation, and movement over time. Inspired by
standards like the Brain Imaging Data Structure and International Society of
Biomechanics recommendations, STAIT is designed for use in multiagent mixed-
reality environments. It enables seamless integration of sensor data from multiple
humans and autonomous systems operating concurrently. Standardizing all
HoloLens data into STAIT ensures that downstream processing, visualization, and
model development are robust, reproducible, and generalizable across platforms.

2.2 Data Preprocessing and Cleaning

Once standardized into the STAIT format, raw sensor streams—including gaze
vectors, camera pose, and object detections—were passed through a multistage
preprocessing pipeline. Object detections were originally generated from first-
person video frames using an in-house—developed Grounding DINO object detector
(Parnerkar 2024), which produced bounding boxes around visible targets using the
prompts “red box” and “yellow box.” Only detections with confidence scores above
a defined threshold (typically 0.5) were retained, ensuring that the pipeline focused
on high-quality visual signals.

Denoising was performed by filtering out unreliable or misaligned samples.
Specifically, gaze points were kept only if they fell within one of the high-
confidence bounding boxes in the corresponding frame. This step eliminated noisy
gaze—object pairings and ensured that only plausible interactions were retained.
Importantly, this gaze—object pairing ensured ground truth matching where the 3D
gaze that was paired with the gaze—object (extracted from the 2D image) would be
used to estimate the 3D location of the object. Additional filtering excluded frames
with insufficient data, such as those occurring before a defined starting index or
lacking synchronized sensor metadata.

Following this filtering process, the remaining data were temporally aligned so that
each frame included valid and synchronized gaze, camera pose, and object
detection information. Only frames where the gaze vector intersected a detected
object were used in downstream training and evaluation.

Visual inspection tools were applied to confirm accurate alignment between gaze
and detection data. For example, Figure 1 shows a representative case from Frame
1063, where a red bounding box identifies a detected object and a blue dot marks



the corresponding 2D gaze point. This overlay confirms proper spatial and temporal
synchronization across modalities.

Frame 1063 | Gaze + DINO Boxes

Figure 1.  Gaze and object detection alignment red box: DINO-detected object; blue dot:
projected 2D gaze. Shows successful gaze—object pairing.

Frames showing spatial inconsistencies—such as gaze points clearly missing all
nearby high-confidence detections, or cases of detection misalignment—were
excluded from the final dataset.

2.3 Gaze Intersection Logic and Feature Engineering

A core component of this pipeline is the gaze intersection logic, which maps 2D
gaze vectors to 3D world coordinates. This is done by modeling gaze as a 3D ray
originating from the eye and extending outward along the gaze direction. The ray
is parameterized as

P(t) = Py +t - dP(t) = Pott*d (1)

where Po is the 3D gaze origin and d is the normalized gaze direction vector. To
estimate the 3D point of regard, this gaze ray is intersected with a virtual ground
plane defined dynamically for each frame. The ground plane is offset from the
HoloLens frustum origin using an average person’s height, and a learned correction
vector (Ax = —0.243, Ay = —0.821, Az = 0.642) is applied to compensate for
consistent sensor bias observed during empirical calibration. This vector was
derived through statistical analysis of gaze intersection errors and manual tuning
based on ground truth object positions—correcting for forward, lateral, and vertical



offsets caused by head-pose estimation inaccuracies, eye-tracking asymmetries,
and floor-level assumptions. Object bounding boxes, originally detected in 2D
image space by the Grounded DINO model, are filtered based on confidence score
and alignment with gaze rays. Only gaze points that fall inside high-confidence
bounding boxes are retained for intersection computation. The 3D location of the
corresponding object on the ground is then used as the target point for model
training and evaluation.

Feature vectors were constructed to represent both geometric and semantic context.
Geometric features included the 3D gaze origin and direction, head and camera
pose, and the 2D pixel coordinates of the gaze point on the red, green, and blue
(RGB) image.

For the Contrastive Language-Image Pretraining (CLIP)-augmented model, visual
features were extracted using the CLIP model. Two embeddings were generated
per frame: one from the entire RGB scene, and another from a tight crop around
each detected object. Each crop was passed through CLIP to obtain a 512-
dimensional embedding. These embeddings were concatenated with the geometric
features to form a single multimodal input vector.

In contrast, the classic model used only geometric features. Model performance was
evaluated using Euclidean distance between the predicted and ground truth object
positions, as well as error distributions across frames and object instances to assess
accuracy and robustness.

2.4 Model Training and Evaluation

Three machine learning (ML) pipelines were developed and evaluated:

1) Model 1: Raw Geometric (M1-RG) is a nonlearning baseline that estimates
3D gaze—object intersections through direct geometric projection. It
computes the intersection point (as described above) by extending a
normalized gaze vector from the eye origin and calculating its intersection
with the ground plane. This method does not involve any training or
optimization and relies solely on raw gaze direction and head-pose data
(camera position and orientation). As a result, it provides a reference point
for evaluating the limitations of uncorrected sensor inputs, particularly in
real-world noisy environments.

2) Model 2: Classic Model (M2-CM) introduces a data-driven approach by
training a Random Forest Regressor on a set of 18 geometric features. These
features include the 3D origin and direction of the gaze vector, head- and
camera-pose vectors, and the pixel coordinates of the gaze point on the RGB



frame. The model is trained using supervised learning and designed to
correct for systematic biases, sensor drift, and projection errors that are
common in raw geometric estimations. Its architecture is based on an
ensemble of decision trees, which partitions the feature space to make
robust nonlinear predictions of the 3D intersection point.

3) Model 3: CLIP-Augmented Model (M3-CLIP) extends the M2-CM pipeline
by incorporating semantic visual context through CLIP-based image
embeddings. For each frame, 512-dimensional embeddings are extracted
using the CLIP model, applied to both the full-scene RGB image and a
cropped region surrounding the detected object. These two embeddings are
concatenated and subsequently reduced via Principal Component Analysis
(PCA). Following dimensionality reduction, univariate feature selection is
performed using the SelectKBest method with f regression to isolate the
four most predictive dimensions. These four CLIP-derived features are then
concatenated with the original 18 geometric features to form a 22-
dimensional multimodal input vector. This combined input is used to train
the same Random Forest Regressor architecture as in M2-CM, allowing the
model to leverage both spatial and semantic cues.

Both M2-CM and M3-CLIP undergo hyperparameter optimization through a grid
search procedure, with parameters such as the number of estimators, maximum tree
depth, and minimum samples per leaf tuned using five-fold cross-validation. This
ensures that the models generalize effectively to unseen data and are robust to
overfitting.

The models are subsequently evaluated using consistent performance metrics
across all approaches. Each model is assessed using Mean Absolute Error (MAE);
average magnitude of prediction error; Root Mean Squared Error (RMSE), which
penalizes larger errors to reflect error variance; and Median Error, which is less
influenced by outliers.

We compared all three pipelines—MI1-RG (baseline), M2-CM (geometric
learning), and M3-CLIP (multimodal fusion)—and analyzed error histograms and
residual plots to interpret model robustness and pinpoint sources of failure.

3. Results

This section presents the quantitative and qualitative results of the 3D gaze—object
localization system across three modeling approaches: M1-RG, M2-CM, and M3-
CLIP. For each approach, results are shown for both Participant 1 and Participant
2, with side-by-side visualizations and corresponding error metrics. Although



labeled as Run 1 and Run 2 in the dataset, both refer to the same experiment
conducted with two different participants (Table 1).

Table 1.  Quantitative metrics of each model per run.

MAE RMSE Std. Median N
Model (m) (m) error error points
(m) (m)

MI-RGRun1 2512 2998 1.644 1.945 104
MI-RGRun2 2595 5292 3911 2524 71
M2-CMRunl 0350 0972 0915 0.000 104
M2-CMRun2 0.648 1296 1.229  0.000 71
M3-CLIPRun1 0343 0961 0.898  0.000 104
M3-CLIPRun2 0.551 1.348 1.230  0.000 71

The raw geometric approach yields the highest localization errors, with MAEs
exceeding 2.5 m for Participant 1 and 3.5 m for Participant 2 as seen in Table 1.
While these errors may appear large in absolute terms, they are often acceptable for
general situational awareness tasks, such as helping a teammate locate an object or
region of interest on a shared map. However, visual inspection shows that many
predicted gaze—object intersections still fall noticeably away from the ground truth,
pointing to the limitations of using uncorrected geometric estimation when more
precise localization is needed (Figure 2).

Gaze Intersections and Ground Truth: Run 1 vs Run 2
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Figure2.  Raw geometric predictions for Participant 1 and Participant 2, plotted alongside
ground truth object locations. The gaze intersection points, computed solely from geometric
calculations without any learning or correction (M1-RG), exhibit substantial deviation from
the ground truth for both participants.



3.1 Classic Model

Model M2-CM significantly improves upon M1-GM, reducing MAE to under 0.5
m in both runs as seen in Table 1. A median error of zero in both cases indicates
that over half of the predictions are precisely aligned with ground truth. Visually,
the predicted points are tightly clustered around true object positions,
demonstrating the effectiveness of geometric feature fusion combined with ML-
based correction (Figure 3).

Top-Down View: Corrected Gaze Hits (Run 1 & 2) vs Ground Truth (XY Plane)
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Figure 3.  Classic model predictions for both runs, plotted side by side with the ground truth
object locations. The model fuses multiple geometric features and applies a Random Forest
regressor to learn systematic corrections from data. No visual (CLIP) features are used in this
version.

3.2 CLIP-Augmented Model

Model M3-CLIP is a dramatic improvement over the raw geometry model. Relative
to M1-GM (MAE 2.512 and 3.595 m), M3-CLIP achieves an 86% reduction in
MAE for Run1l and 85% reduction for Run2, demonstrating that visual
embeddings powerfully compensate for sensor noise and ambiguous gaze rays. In
Run 1, M3-CLIP (MAE 0.343 m) slightly outperforms M2-CM (MAE 0.350 m) as
seen in Table 1, showing that semantic context can deliver better correction to
purely geometric learning. The zero median error in both runs indicates that at least
half of all predictions are spot-on; the CLIP components help tighten the tails of the
error distribution, as reflected in the respectable RMSE and standard error values.



These results confirm that CLIP-derived features offer substantial and robust
benefits when combined with geometric data, especially in noisy or visually
complex scenarios. With further tuning of feature fusion weights and architectures,
we anticipate CLIP augmentation will consistently surpass the classic model and
drive localization accuracy further downward (Figure 4).

Top-Down View: RF Combined Predictions vs Ground Truth (XY Plane)

Point Type
up ® RF Combined Prediction
20 * [ 14 4 Ground Truth

World v (Left, meters)
*

o0

10 20 30 40 50 60

World X (Forward, meters)

e

1000 1500 2000 2500 3000 3500 4000

Figure 4. Predictions of the CLIP-augmented model for both runs, again shown side-by-
side with ground truth. This model incorporates both geometric features and CLIP-derived
visual embeddings to leverage additional scene and object context.

3.3 Clustering in the Raw Gaze-Object Localization Pipeline

The clustering system employs DBSCAN (Density-Based Spatial Clustering of
Applications with Noise) as the primary algorithm for grouping gaze—object
predictions across three model outputs to do object localization because each gaze—
object point should reflect a single location of the predicted static object. DBSCAN
was selected over alternatives like K-means or hierarchical clustering for several
compelling reasons. First, DBSCAN does not require pre-specifying the number of
clusters, which is essential since the number of distinct objects in a scene varies
dynamically across frames and runs. Second, DBSCAN can identify clusters of
arbitrary shapes and sizes, which is critical in 3D spatial contexts where gaze—ray
intersections may not form regular or spherical clusters. Third, DBSCAN is
designed to handle noise by assigning outlier points a cluster ID of —1, which is
beneficial for discarding spurious or ambiguous gaze—object intersections.



Each pipeline uses DBSCAN in a way that reflects the type of features available:
In the raw pipeline, clustering operates on direct geometric intersection points (X,
y, z) computed from ray casting gaze vectors into the scene. Although visual
features are merged to assist matching, the clustering uses cosine distance on CLIP
embeddings to group gaze hits that likely correspond to the same physical object
(Figure 5).

Raw Cluster Medians vs Ground Truth
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FigureS. (Raw): Clustering on geometric gaze—ray intersection group predictions based on
physical proximity, resulting in basic but direct cluster structures.

In the RF pipeline, clustering is applied to predicted object locations generated by
a trained Random Forest model. These predictions incorporate learned relationships
between geometric features and true object locations. Here again, CLIP
embeddings are used for clustering, and the cosine distance metric ensures that gaze
predictions for visually similar objects are grouped together, even if slightly offset
in space (Figure 6).



RF Cluster Medians vs Ground Truth
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Figure 6.  (RF): Clustering on RF predictions shows more spatially coherent groupings due
to learned geometric correction.

In the CLIP pipeline, predictions are enhanced with both geometric and visual
embeddings. CLIP features extracted from the scene and object crops are processed
with dimensionality reduction and feature selection (PCA + SelectKBest) and then
standardized before being passed into the model. Clustering is again performed on
the output predictions using the associated CLIP embeddings, leveraging semantic
similarity across frames and viewpoints to group multiple predictions that are likely
to correspond to the same object (Figure 7).

CLIP Cluster Medians vs Ground Truth
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Figure 7.  (CLIP): The most refined clustering, combining geometric and semantic features,

closely aligns with ground truth object positions; thus, achieving the best localization
accuracy.
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Clustering serves as a critical postprocessing step that transforms low-level, frame-
by-frame gaze—object predictions into coherent object-level representations. In all
three pipelines, DBSCAN groups predictions that are likely to belong to the same
object instance across time and space. This grouping enables the computation of
cluster representatives—typically, median or mean 3D coordinates—which serve
as robust and interpretable estimates of the actual object locations (Table 2).

Table 2.  Error after clustering for all three models.

MAE RMSE Std. Median N
Model (m) (m) error error points
(m) (m)

MI1-RG 4402 6200 4366 2.662 3/19
M2-RF 2943 4.014 2729 2.861 6/20
M3-CLIP  0.408 0.930 0.835 0.000 10/12

The raw pipeline uses clustering directly on geometric ray—object intersections, the
RF pipeline adds learned correction from the model, and the CLIP pipeline further
incorporates semantic understanding from visual features. This progressive
refinement allows for consistent processing and comparison across the different
modeling approaches.

Each pipeline follows a modular workflow: data combination across multiple runs,
model inference (if applicable), feature extraction and merging (CLIP embeddings,
geometric features), DBSCAN clustering using the appropriate feature space and
similarity metric, cluster representative extraction (median/mean), and
visualization and ground truth comparison. This consistent architecture allows for
systematic evaluation of each pipeline’s performance and a clear understanding of
how geometric, learned, and semantic information contribute to gaze—object
localization. Clustering acts as the unifying step that enables object-level reasoning
and evaluation across all approaches.

4. Discussion

The primary goal of this effort was to develop a data-driven fusion pipeline where
we found that leveraging CLIP dramatically improves 3D gaze—object localization
over raw geometric projection alone. The Raw Geometric baseline produced MAEs
of 2.512 and 3.595 m in Runs 1 and 2, respectively, reflecting the limitations of
uncorrected gaze and camera geometry. Introducing a Classic Model trained solely
on 18 geometric features reduced MAE to 0.350 and 0.648 m, confirming that ML
can effectively compensate for systematic sensor biases and drift.

Building on this strong baseline, the CLIP-Augmented Model combined the same
geometric inputs with four principal components derived from CLIP embeddings.
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In Run 1, this resulted in a further MAE reduction from 0.350 to 0.343 m (2.0%
improvement) and an RMSE improvement from 0.972 to 0.961 m (1.13%
improvement). In Run 2, the MAE dropped from 0.648 to 0.551 m (14.9%
improvement)—although the RMSE increased slightly from 1.296 to 1.348 m
(3.97% decline). These findings suggest that CLIP embeddings provide
complementary semantic cues that can enhance prediction robustness, particularly
by reducing large-error outliers.

A notable feature of both the Classic and CLIP-Augmented Models is the zero
median error, indicating that over half of all gaze—object predictions align exactly
with ground truth. While this high precision underscores model effectiveness, it
also highlights the importance of examining outlier behavior; the CLIP branch’s
contribution is especially evident in Run 2, where it sharply reduced MAE, showing
potential for further gains through improved embedding integration and model
tuning.

The adoption of the STAIT data format was instrumental in achieving these results.
By standardizing coordinate frames and data schemas across HoloLens sensor
streams—including eye tracking, inertial measurement units, head pose, and
video—STAIT ensures that geometric and visual features align consistently in
space and time; thus, enabling repeatable feature extraction and model training in
multiagent mixed-reality experiments.

Future work should pursue refined fusion strategies such as attention-based gating
or learned late-fusion networks to dynamically weight geometric versus visual
inputs on a per-frame basis. Expanding the dataset to include additional
participants, varied environments, and operationally relevant scenarios will further
validate generalization. Finally, real-time deployment and evaluation in live field
exercises will be critical to confirm the practical utility of semantically enriched
gaze—object localization for human—machine teaming.

5. Limitations

The current 3D gaze—object localization pipeline assumes objects are grounded on
a flat plane and uses simple bounding box logic to associate gaze points with
detected objects. This leads to two key limitations:

1) Stacked Object Ambiguity: When multiple objects are vertically aligned
(i.e., a box on a table), the system only considers the first bounding box
containing the gaze point, often selecting the lower object and ignoring the
one on top.
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2) Objects in the Air: The 3D intersection logic projects gaze rays to a fixed
ground height, making them incapable of correctly localizing objects that
are suspended or elevated (i.e., hanging lights, drones, or shelves).

Due to the lack of height-based filtering, depth prioritization, and occlusion
handling, the system cannot reliably distinguish between objects at different
elevations, leading to incorrect associations in multilevel or cluttered scenes.

6. Conclusion

The goal of this project was to demonstrate the feasibility of accurate 3D gaze—object
localization in mixed-reality environments using data collected from HoloLens
headsets and processed through a standardized, multi-agent spatiotemporal
framework (i.e., STAIT). To this end, we developed and evaluated three pipelines:
raw geometric projection, a Classic Model based on geometric feature fusion, and a
CLIP-Augmented Model that integrates distilled visual embeddings.

Using controlled field and mixed-reality experiments, the Classic Model reduced
MAE from 2.512/3.595m (raw geometry) to 0.350/0.648 m (Runs 1 and 2).
Building on this, the CLIP-Augmented Model, by concatenating four PCA-derived
CLIP components with the same geometric features, achieved an MAE of 0.343 m
and RMSE of 0.961 m in Run 1, outperforming the Classic Model’s MAE of
0.350 m and RMSE of 0.972 m. In Run 2, the CLIP model showed an even larger
MAE improvement from 0.648 to 0.551 m, representing a 14.9% reduction;
however, RMSE slightly increased from 1.296 to 1.348 m. Overall, this
demonstrates that semantic context from visual embeddings provides
complementary information to geometric cues, tightening the error distribution’s
tails and reducing large-error outliers, especially in more variable conditions.

These results validate that data-driven fusion of geometric and visual features can
push localization accuracy beyond what either modality alone can achieve. The
zero median error in all models indicates exceptionally high precision for the
majority of predictions, while the lowered RMSE demonstrates enhanced
robustness against challenging gaze—scene geometries.

We conclude that accurate and adaptive gaze—object localization is possible using
today’s off-the-shelf headsets, combined with a modular processing pipeline built
on STAIT. While the improvements from adding CLIP features were small, they
were consistent, showing that visual context can help. This sets the stage for future
work in combining different types of data more effectively such as through
attention mechanisms or late-fusion methods and brings us closer to building smart
responsive mixed-reality systems for real-world training and mission use.
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List of Symbols, Abbreviations, and Acronyms

2/3D

AR

CLIP
DBSCAN
ID
MI-RG
M2-CM
M3-CLIP
MAE
ML

PCA

RF

RGB
RMSE
STAIT
UAS

VR

XR

two-/three-dimensional

augmented reality

Contrastive Language-Image Pretraining
Density-Based Spatial Clustering of Applications with Noise
identification

Model 1: Raw Geometric

Model 2: Classic Model

Model 3: CLIP-Augmented Model

Mean Absolute Error

machine learning

Principal Component Analysis

radio frequency

red, green, and blue

Root Mean Squared Error

Spatiotemporal Analysis and Inference Toolkit
unmanned aerial systems

virtual reality

extended reality
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