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Abstract : With the advancement of software-defined vehicles, in-cabin occupant monitoring has become increasingly
important for safety, comfort, and intelligent vehicle functions. Nonetheless, conventional approaches for three-dimensional
facial landmark estimation rely on stereo or depth sensors, increasing hardware cost and system complexity. Thus, this paper
proposed a lightweight RGB-only network that could estimate 3D facial landmarks of multiple occupants using a single
monocular camera. The framework extended the Retina Face architecture with a 3D coordinate regression head and an
auxiliary geometric fusion module, enabling direct spatial landmark regression without explicit depth estimation. A paired
RGB-D dataset was collected in a real vehicle environment. The experimental results exhibit a mean 2D landmark error of
3.7 pixels and a mean 3D coordinate error of 105.8 mm. Computational analysis indicated that the model achieved
approximately 24 FPS on a CPU-based platform, suggesting practical feasibility for camera-only occupant monitoring in
SDVs.

Key words : In-cabin monitoring(AF] U €] &), Facial landmark detection( 2= S =02 %), 3D coordinate estimation
(32 #3E 34), Monocular RGB camera('tt RGB 7192}, Software-defined vehicle(AZE o] 2] 2}F), Deep
leaming(H#]d)

Nomenclature

c : channel
F, : i-th feature map W : weight
B : feature map at the i-th level of FPN W,,. :regression weight for 3D landmark prediction
Conw, ;2 1> 1 convolution layer b : bias
Up : upsampling by : bias term for 3D landmark regression
Fy,,  :multi-scale feature set (u,v) :spatial location on feature map
p : face classification score Toyhz predicted 3D coordinates of facial landmarks
b : bounding box offset r : residual
L : 2D landmark output L,,. :Charbonnier loss
N : number of anchor positions A,,. :auxiliary feature vector
X : predicted 3D landmark vector s : normalized scale factor of bounding box
X*P  : predicted 3D landmark vector at level a : aspect ratio of bounding box
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g : standard deviation of inter-landmark distances
w, h  :width and height of bounding box

p;p;  :positions of facial landmarks

d : mean inter-landmark distance

Zy,  :transformed auxiliary feature vector

@ : nonlinear transformation function

Re LU( - ) : rectified linear unit activation function
GT : ground truth

FPN  : feature pyramid network

SSH  :single stage headless

MLP  : multi-layer perceptron

Concat : concatenate

NMS  :non-maximum suppression
Subscripts

3D : three-dimensional coordinate

Xyz : three-dimensional coordinate components
aux : auxiliary feature
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Fig. 1 Architecture of the proposed multi-head network for 3D face landmark coordinate estimation
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Fig. 2 Multi-head structure and functional roles of each prediction head in the proposed network
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Fig. 3 Performance evaluation results of the proposed network on the test dataset
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