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Abstract

Driver-related factors contribute to nearly 90% of traffic accidents. Estimating 3D
driver poses can help track risky behaviors. However, the scarcity of annotated 3D
pose data, together with the complexity and high cost of 3D annotation, limits the
training of domain-specific estimators. We address this challenge by pre-training
2D-to-3D pose lifting models using synthetic 3D poses from a simulated dataset.
In experiments on the Drive&Act dataset, we compare training from scratch with
synthetic pre-training while gradually increasing the amount of real-world data. For
example, when only 5% of training data is available, MPJPE is reduced from 90.0
mm to 70.9 mm for the GraFormer model. Our results demonstrate that synthetic
pre-training consistently reduces estimation errors, particularly when real-world
data are limited. Furthermore, synthetic pre-training improves the best fine-tuned
results across different models from 48.1 mm to 46.0 mm in our tests.

1 Introduction and Related Work

Driver-related factors such as fatigue and distraction account for an estimated 87.7% of road traffic
accidents [7]. To address these risks, driver monitoring systems (DMS) are employed to track risky
behaviors and, under the European Union’s General Safety Regulation, have been mandatory in new
vehicles since 2024 [26]. A core component of many DMS is human pose estimation. Although
multi-camera setups can provide more accurate 3D estimates, single-camera systems are simpler and
more cost-effective for in-cabin deployment.

Recent deep learning methods achieve highly accurate monocular 2D human pose estimation (2D-
HPE), whereas monocular 3D human pose estimation (3D-HPE) remains more challenging due
to depth ambiguity introduced by camera projection, requiring learned priors for recovery [4, 33].
This gap has motivated a two-stage formulation that first estimates 2D keypoints (i.e., body joint
coordinates) and then lifts them to 3D keypoints using 2D-to-3D pose lifters [19]. Subsequent
work has proposed graph-based [30], transformer-based [17], and hybrid architectures [14, 31]. To
reduce pose ambiguity, particularly under self-occlusion, temporal models exploit pose sequences
[5, 34, 11, 16], while other approaches incorporate image features alongside pose representations [29].
The resulting 3D poses can further be used for various downstream tasks, such as action recognition
[13, 20] and pose anomaly detection [8].
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The scarcity of annotated 3D poses is a major factor contributing to the performance gap. Unlike 2D
keypoints, which can be labeled directly from single images, 3D pose annotation requires calibrated
multi-view systems for triangulation [28]. Synthetic data has proven to be a scalable alternative
for reducing annotation cost and has been successfully applied across domains such as medical
imaging [3], autonomous driving [1], hand pose estimation [32], and action recognition [27]. In
the context of pose estimation, synthetic datasets can provide large-scale, domain-specific human
poses with exact annotations. They have recently also gained attention in in-cabin driver monitoring
scenarios [6, 24, 12]. While most prior studies focus on synthetic pre-training for image-based
models, synthetic-to-real transfer for pose-based lifting networks remains relatively underexplored,
with examples including multi-view 2D-to-3D pose lifters trained on synthetic data [9] and pose-level
augmentation via interpolation [10].

In this work, we investigate the benefits of using synthetic poses to pre-train 2D-to-3D pose lifters.
Unlike image-based inputs, skeletal poses provide a compact and structured representation that is less
sensitive to variations in texture, background, and lighting. By leveraging off-the-shelf pre-trained
2D pose estimators, we focus exclusively on training the lifting stage, enabling rapid development of
3D-HPE models for domain-specific scenarios such as in-cabin driver monitoring.

In our experiments, we test whether pre-training on synthetic pose data enables the lifting model to
achieve lower estimation error after fine-tuning with the same amount of real data. Because generating
synthetic 3D poses is substantially less costly than annotating them from real images, this approach
has the potential to reduce real-data requirements while maintaining comparable performance. We
validate our assumptions on Drive&Act [18], an in-cabin driver monitoring dataset.

2 Method

Our setup follows a 2D-to-3D pose lifting scheme [19], in which 2D keypoints are extracted using
off-the-shelf estimators and mapped to 3D coordinates via a dedicated lifting network. As illustrated
in Figure 1, the pipeline consists of three stages: driver detection (Faster R-CNN [23]), 2D pose
estimation (HRNet [25]), and 2D-to-3D lifting. Following a top-down strategy [4, 28, 33], the
detector first localizes the driver, 2D keypoints are then estimated within the detected region, and the
resulting 2D poses are fed into the lifter to reconstruct 3D joints. Faster R-CNN1 and HRNet2 are
COCO [15]-pretrained models from MMDetection [2] and MMPose [21], respectively. Leveraging
these pre-trained 2D models allows us to focus exclusively on the lifting stage, improving training
efficiency by operating on compact skeletal representations. We trained two versions of 2D-to-3D
pose lifters on progressively larger subsets of real data, roughly doubling the dataset size at each step.
The first set of models was trained from scratch, while the second set was pre-trained on synthetic
poses before fine-tuning. We then compared the estimation errors between the two versions.

Training of 2D-3D pose lifters We selected five different 2D-to-3D pose lifters which represent
common choice of deep learning architectures, SimpleBL [19], SemGCN [30], Graformer [31],
GraphMLP[14], and JointFormer [17], using the official source codes if available. The training
procedure for the 2D-to-3D pose lifters was identical for both pre-training and fine-tuning. Models
were trained for up to 200 epochs using the Adam optimizer, with mean squared error (MSE) as the
loss function and mean per-joint position error (MPJPE) [19] as the evaluation metric. Validation
MPJPE was assessed every five epochs, and the model with the lowest validation MPJPE was retained,
with early stopping applied if no improvement was observed for three consecutive evaluations.
Training was performed with a batch size of 64, an initial learning rate of 0.001 decayed by a factor of
0.96 per epoch, and gradient clipping with a maximum norm of 1.0 to ensure stable training [22]. The
model achieving the best validation MPJPE was selected for testing. For Drive&Act, unannotated
occluded keypoints were excluded from both loss computation and evaluation.

3 Datasets

The proposed approach is evaluated on real and synthetic driver pose datasets. We adopt the
COCO[15]-style skeletal pose representation. Due to the confined cabin space, only the 13 upper-

1MMDetection Config: faster-rcnn_r50-caffe_fpn_ms-1x_coco-person
2MMPose Config: td-hm_hrnet-w48_udp-8xb32-210e_coco-384x288



Figure 1: The setup of the 3D Driver Pose Estimation pipeline. The blue rounded boxes denote
estimation models, while the yellow boxes represent data.

body keypoints (from the hips upward) are retained. Both 2D and 3D keypoints are centered at the
neck, defined as the midpoint between the left and right shoulders. The 2D poses are normalized by
the maximum horizontal and vertical extents. Real poses are extracted from Drive&Act [18], while
synthetic poses are obtained from SimulatedCabin IR 1M [24].

Drive&Act (Figure 2a) is a publicly available multi-modal driver monitoring dataset [18] contain-
ing recordings of 15 subjects performing 34 in-vehicle activities. The provided 3D joint coordinates
were obtained by triangulating OpenPose-based 2D detections from three views, with joints occluded
in at least two views left unannotated. For our experiments, only the near-infrared (NIR) recordings
from the center_mirror view were used. The data are split by subject: subject 10 for validation,
subjects 11–14 for testing, and the remaining subjects for training.

SimulatedCabin IR 1M (Figure 2b) is a simulated data set that contains one million driver poses,
extending Sagmeister et al. [24]. It provides simulated NIR images of 3D human models seated in a
vehicle under diverse movements, interiors, lighting conditions, and 10 camera viewpoints. Poses
are randomly generated using inverse kinematics, enabling the exact computation of corresponding
2D and 3D keypoint annotations, which serve as training data for synthetic pre-training of the lifting
model. As no exact counterpart to the Drive&Act center_mirror view exists, we use three front-facing
views, OMS_01 (which refers to the Occupant Monitoring System mounted on top of the dashboard),
Dashboard, and Front, for pre-training, as shown in Figure 2.

4 Experiments, Results and Conclusion

Experiment Setup We compared models trained from scratch with those using pre-training by
defining a progressive training scheme with increasing amounts of real data. Specifically, each model
was trained on eight different training subsets, with each step approximately doubling the size of the
previous one. The subsets consisted of randomly selected 5%, 10%, 25%, and 50% of the data from
a single subject; the full data from one subject (100%); random subsets of two and four subjects;
and finally the complete training set containing all eight subjects. For reference, 5% of one subject
corresponds to approximately 102 frames. For the single-subject settings (5%–100%), training was
repeated eight times, once per subject. To maintain a comparable number of runs, we also generated
eight random subsets for the two- and four-subject settings. The full eight-subject training set was
trained only once. This procedure was applied to both from-scratch and pre-trained models. All
models were evaluated on the same test set, and the average test MPJPE for each subset size was
reported across runs. As in the training, occluded keypoints were excluded from evaluation.

Results The results in Table 1 compare models trained from scratch with synthetic pre-trained
variants (PT). Pre-training reduces MPJPE in most settings, but the gap narrows as more real data are
used. For instance, GraFormer improves by 19.1 mm, 12.8 mm, 3.6 mm, and shows no improvement
when trained on 5%, 50% of one subject, two subjects, and all eight subjects, respectively. Figure 3
illustrates this trend with an example from GraFormer. SimpleBL shows strong improvements in
low-data settings, with reductions of 316.3 mm at the 5% setting and 44.4 mm at 50%. In contrast,
the hybrid models GraphMLP and GraFormer show smaller improvements, typically under 15 mm.

Conclusion Our results show that synthetic pre-training generally reduces MPJPE for 2D-to-3D
pose lifting in our driver monitoring scenarios, particularly when real data are limited, in line with
prior findings [24]. Although hybrid models benefit less from pre-training, they achieve low MPJPE
across settings, suggesting better data efficiency. A more detailed investigation of the relationship
between model architectures and synthetic pre-training could be a topic for future work.



Figure 2: Example frames from Drive&Act and SimulatedCabin IR 1M. The name of each respective
camera view is indicated at the top. The three most similar views from SimulatedCabin IR 1M to the
center_mirror view of Drive&Act were chosen.

Figure 3: Example 3D pose estimations from GraFormer trained with different amounts of Drive&Act
training data. Green indicates ground truth; black indicates the estimate. The input frame is from
Subject 12.

Average Test Set MPJPE[mm]
Amount of fine-tuning data

Model 5% of 10% of 25% of 50% of Single Two Four Eight
a subject a subject a subject a subject subject subjects subjects subjects

SimpleBL[19] 404.3 477.8 251.8 117.3 75.2 62.5 55.2 48.6
PT SimpleBL 88.0 76.7 72.6 72.9 73.4 66.7 52.9 46.0
SemGCN[30] 115.9 93.9 82.2 81.1 79.1 69.3 60.6 54.1
PT SemGCN 83.5 74.8 69.7 69.2 67.6 58.4 54.2 48.6
GraphMLP[14] 82.4 77.2 73.3 69.7 65.7 60.8 57.0 53.7
PT GraphMLP 67.4 69.6 64.9 61.9 61.0 55.3 57.9 57.2
GraFormer[31] 90.0 78.3 72.9 72.0 66.6 58.5 57.1 48.1
PT GraFormer 70.9 65.1 66.2 59.2 59.2 54.9 52.8 48.1
JointFormer[17] 109.9 105.3 99.1 91.7 85.4 65.9 54.2 50.2
PT JointFormer 69.6 66.5 61.3 66.3 66.0 55.1 50.0 46.0

Table 1: Average test results on the Drive&Act center_mirror view (see section 4). PT denotes
synthetic pre-training. Bold indicates the best model per training size; the overall best result is
underlined.
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