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A. Implementation details.

A.1. Human Pose and Shape estimation.

We fine-tune CLIFF [8] and BEDLAM-CLIFF [2] for
HPS estimation using approximately 200k images from our
VOccl3D dataset. CLIFF is trained on real 2D datasets such
as COCO [10] and MPII [1], as well as 3D datasets like
Human3.6M [5] and 3DHP [12], while BEDLAM-CLIFF
is originally trained on synthetic datasets such as BED-
LAM [2] and AGORA [13]. We fine-tune these models on a
single NVIDIA GeForce RTX 3090 Ti GPU. We adopt hy-
perparameters and loss functions from [2] for fine-tuning.
We optimize the models using the Adam optimizer with a
learning rate of 0.00005 and zero weight decay. To prevent
overfitting, we employ early stopping. We use a batch size
of 64 and resize input images to 224× 224 dimension.

We report errors after converting SMPL-X bodies to
SMPL using a pre-trained joint regressor mapping and
aligning the pelvis of these bodies. We evaluate CLIFF,
BEDLAM-CLIFF, BEDLAM-HMR, HMR2.0, WHAM,
and STRIDE by re-running their evaluations using the of-
ficial code repositories.

We create two variants of the 3DPW dataset, OcclType1-
3DPW and OcclType2-3DPW, by overlaying black patches
to evaluate performance on highly occluded real-world
datasets. OcclType1-3DPW is generated by randomly
adding a black patch over a single 2D keypoint from the 22
openpose joints, while OcclType2-3DPW contains images
with two black patches placed on random 2D keypoints.
The added patches are square-shaped, with dimensions
covering 60% of the human height in OcclType1-3DPW
and 40% of the human height in OcclType2-3DPW. Fig-
ure 2 illustrates sample images from OcclType1-3DPW and
OcclType2-3DPW. We follow the same evaluation proce-
dure for real-world datasets, including 3DPW, OcclType1-
3DPW, OcclType2-3DPW, and OCMotion, as we do for the
VOccl3D dataset.

Evaluation metrics. Following prior works, we use stan-
dard metrics to report the performance of human pose and
shape estimation. MPJPE and PVE represent the average
error in joints and vertices respectively after aligning the
pelvis. PA-MPJPE reports the average error after aligning
the rotation and scale. All errors are in mm.
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Figure 1. Human detection under occlusion on OCMotion us-
ing YOLO11. The left image illustrates detection performance
with the pre-trained YOLO11, while the right image shows im-
proved detection after fine-tuning YOLO11 with the VOccl3D
dataset, resulting in VOccl3D-YOLO11.

A.2. Human detector.
We conduct our experiments on the YOLO11 detector using
the official Ultralytics codebase [6]. The original YOLO11
model is pre-trained on the MS COCO dataset [10]. To
enhance its performance under occlusions, we fine-tune
YOLO11 on the combined train split of VOccl3D and MS
COCO, resulting in VOccl3D-YOLO11. We fine-tune the
model for 50 epochs with a batch size of 32 on a single
NVIDIA GeForce RTX 3090 Ti GPU. Following [6], we
resize input images to 640× 640 and train using a learning
rate of 0.01 with a weight decay of 0.0005. Additionally,
we set the loss function weights to 7.5 for the bounding box
component and 0.5 for the classification component to opti-
mize detection performance.
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