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Abstract

Many modern video-based human action recognition (HAR)
approaches use 2D skeleton as the intermediate representa-
tion in their prediction pipelines. Despite overall encourag-
ing results, these approaches still struggle in many common
scenes, mainly because the skeleton misses critical action-
related information pertaining to the depth of the joints,
contour of the human body, and interaction between the hu-
man and objects. To address this, we augment skeleton with
a novel and effective representation that captures action-
related information in the pipeline of HAR without any extra
annotation overhead beyond the existing skeleton extrac-
tion. The representation, termed Scale-Body-Flow (SBF),
consists of three distinct components, namely a map volume
given by the scale (and hence depth information) of each
joint, a body map outlining the human subject, and a flow
map given by pixel-wise optical flow values due to human-
object interaction. To predict SBF, we further present SFS-
Net, a novel segmentation network supervised by the optical
flow and skeleton. Extensive experiments across different
datasets demonstrate that our pipeline based on SBF and
SFSNet achieves significantly higher HAR accuracy with
similar compactness and efficiency as compared with the
state-of-the-art skeleton-only approaches. Code is avail-
able at https://github.com/Shimmer93/EMDUL.

1. Introduction

Video-based human action recognition (HAR) is to classify
human actions from a video sequence. It has wide appli-
cations in robotics, healthcare, surveillance, and human-
computer interaction. The most intuitive approach for HAR
is direct end-to-end classification from input frames. De-
spite its impressive performance, it is too computationally
intensive (due to the large model structure and volume of
video pixels involved) to be practically deployed.

To reduce computational overhead, HAR based on in-
termediate representation has been adopted, where an ac-
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Figure 1. Comparison of video-based HAR pipelines. Our pro-
posed pipeline (c) employs SBF predicted by SFSNet to aug-
ment skeleton for effective HAR, addressing the limitations of the
skeleton-only approach (b).

tion representation is first extracted from the video frames
and then processed by a downstream network. Among var-
ious representations studied, the 2D human skeleton has
emerged as the most popular due to its compactness and
efficiency. The skeleton, represented by a set of joint lo-
cations connected via limbs, is used to depict human pose.
This focuses exclusively on the human action without irrel-
evant details such as human appearance and environments.
While encouraging results have been reported in the litera-
ture, the approach still struggles or fails in some common
simple scenarios, mainly because it misses crucial action-
related information pertaining to joint depth, body contour,
and human-object interaction, as demonstrated in Fig. 2.

To address the issue, several approaches have been pro-
posed to extend skeleton by integrating object informa-
tion [14, 40, 44]. Despite their improved performance, crit-
ical information for HAR such as joint depth and body con-
tour has not been considered. Moreover, object detection
demands large amounts of additional annotations beyond
skeleton extraction, hampering their deployability.

In this paper, we propose a simple yet effective repre-
sentation called SBF to augment skeleton for video-based
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Figure 2. Failure cases of HAR based on extracting 2D skeletons
from videos, addressed with our SBF representation predicted via
SFSNet. Top row: original video frame; middle row: skeleton
with prediction error; bottom row: correct prediction using skele-
ton+SBF, owing to the capturing of the action-related information.
Red circles highlight key regions possibly leading to the error. (a)
Joint depth: The 2D skeleton’s flat nature causes the ambiguity
of the depth of each joint, e.g., confusing “squatting down” and
“sitting down” from a front view. (b) Body contour: The contour
of human body, an encircling of all body parts, provides richer fea-
tures than skeleton. E.g., “reaching into a pocket” is mis-predicted
as “drop” because the subject’s left hand is not shown overlap-
ping with his body in the skeleton. (c) Human-object interaction
(HOI): The skeleton misses interactions between the subject and
objects, e.g., “throwing” misinterpreted as “waving” due to the ig-
nored motion between the subject and the thrown object.

HAR. SBF is composed of three distinct binary maps, each
capturing different action-related information:

* Scale map volume to capture joint depth: The scale (or
size) of a joint on the camera plane provides valuable in-
formation on its depth. We propose a map volume for this
scale, thereby capturing the depth information.

Body map to capture body contour: We use the body map
given by the contour of the entire human subject to cover
body parts missing in skeleton.

Flow map to capture human-object interaction: The in-
teraction between the human subject and object provides
crucial clues on the human action. We propose using a
flow map based on the optical flow values to reflect such
interaction.

By augmenting the skeleton with all the above action-
related information given by these maps, SBF offers a rich
representation to achieve effective HAR.

To extract SBF from video, we present SESNet, a novel
Segmentation Network supervised by the optical Flow and
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Skeleton without additional labeling overhead. In SFSNet,
the predictions of the scale map volume and body map are
trained using the skeleton, while the optical flow predicted
by a flow estimator supervises the flow map. By employ-
ing an unsupervised flow estimator, SFSNet requires no ex-
tra annotations for training beyond the skeleton approach,
hence attaining training efficiency and facilitating wide de-
ployment of SBF-based HAR pipeline.

Our contributions are summarized as follows:
SBF: A novel representation to augment skeleton for
HAR: We propose a novel representation, SBF, to aug-
ment 2D skeleton for video-based HAR. With its rich
action-related information, SBF combined with skeleton
achieves higher HAR accuracy with similar compactness
and efficiency as previous skeleton-only approaches.
SFSNet: An effective network to extract SBF: We intro-
duce SFSNet, which effectively predicts SBF from video
utilizing only the point annotations from skeleton and op-
tical flow without any additional annotation overhead.
Extensive experiments and validation: To validate our
proposed pipeline based on SBF and its extractor SFSNet,
we conduct extensive experiments on several commonly
used datasets, namely NTU RGB+D [29], NTU RGB+D
120 [23], UCF101 [33], and HMDBS51 [19]. Our re-
sults show that SBF-augmented method significantly out-
performs state-of-the-art skeleton-only approaches with
comparable efficiency. Specifically, it achieves a substan-
tial 2.2% improvement in the X-Sub setting and a 1.6%
increase in the X-Set setting on NTU RGB+D 120.

2. Related Works on Video-based HAR

2.1. End-to-end Approaches

The most straightforward HAR approach is to directly clas-
sify each input video into a specific human action cate-
gory. Early works adopt spatiotemporal CNNs [38] or 3D-
CNNSs [3, 12, 13] as backbone, while transformer-based
structure has become increasingly popular in recent years
due to its ability to model long-term spatiotemporal depen-
dency [1, 26, 34, 35, 42]. Although current video-based
HAR methods achieve state-of-the-art performance on var-
ious datasets, their large amount of parameters, computa-
tional overhead and need for large amounts of data hamper
their deployability in resource-constrained environment.

2.2. Skeleton-based HAR

Compared with end-to-end methods, approaches using
skeleton as an intermediate representation are consider-
ably more compact and efficient, since the input size is re-
duced and noise from background and human appearance
is eliminated. Recent years have witnessed the rapid evolu-
tion of skeleton-based HAR methods[8, 22, 32, 43, 45, 46,
51]. Notably, PoseConv3D [11] transforms skeletons into
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Figure 3. An example video frame, its extracted skeleton, and our
proposed SBF.

heatmaps and employs 3D-CNNs for prediction, achiev-
ing state-of-the-art accuracy and efficiency across multi-
ple datasets. As part of the video-based HAR pipeline,
these methods typically rely on 2D skeletons extracted from
videos as input. However, they suffer from significantly
lower performance compared to end-to-end approaches in
challenging cases, primarily due to the absence of crucial
action-related information such as joint depth, body contour
and human-object interaction.

Some approaches incorporate object information into
skeleton with additional annotations [14, 40, 44]. Despite
promising results, these methods require extra object detec-
tion, leading to significant additional annotation overhead
and making them labor-intensive in practical applications.
In contrast, our proposed SBF not only integrates more
information, but also does not require annotations beyond
skeleton extraction, enabling broader application scenarios.

2.3. Optical Flow

Optical flow is a dense vector field that describes motion
on the camera plane between consecutive frames in a video.
Flow estimators can be trained via unsupervised learning
[27, 36, 48], requiring no annotation overhead.

Early video-based HAR methods often leverage optical
flow to extract motion information [9, 28, 31]. A more re-
cent approach [2] combines skeletons with joint-aligned op-
tical flow patches to enhance understanding of human mo-
tion. Despite the improved performance, only optical flow
around joints is used in this method, while valuable infor-
mation from surrounding objects is not considered. Our
SBF, in contrast, effectively utilizes optical flow to capture
human-object interaction, thereby significantly improving
the HAR performance.

3. Scale-Body-Flow Representation

We provide in this section a detailed description of Scale-
Body-Flow (SBF) as a novel representation to augment
2D skeleton in the pipeline of video-based HAR. We be-
gin with the definition of SBF in Sec. 3.1, as illustrated
in Fig. 3. Next, we introduce the three SBF components,
joint map volume (Sec. 3.2), body map (Sec. 3.3) and flow
map (Sec. 3.4). Finally, we explain how to combine SBF
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with skeleton for HAR and introduce our SBF-augmented
HAR method, SBFConv3D, in Sec. 3.5.

3.1. Definition

Given two consecutive video frames Z;_; and Z; of size
Hy x Wy, their SBF is composed of one scale map volume
Si—1 € {0, 1}1XW>J "one body map B;_; € {0, 1}1xW
and one flow map F; € {0, 1}7*W where J is the number
of joints, H = Hy/4 and W = W, /4 empirically chosen
to ensure compactness. We provide detailed description for
these components in the following sections.

3.2. Scale Map Volume

The scale map volume S consists of J binary maps of size
H x W. & has two variants, the joint scale map volume S”
and the limb scale map volume S*.

In S”, a pixel = on the i-th map is assigned a value of 1 if
x belongs to the ¢-th joint in the skeleton, and O otherwise.
The area of pixels with value 1 belonging to the joint, or
“scale”, is negatively correlated with joint depth, as objects
closer to the camera appear larger on the image plane. Al-
though predicting depth from video is challenging, S” can
be estimated using only joint locations, as we will elaborate
in Sec. 4.2.

ST is derived from S”7. Given the i-th limb connecting
joints a; and b;, the i-th map in S L is defined as
i

() = max(S}, (x), S (). (1)

3.3. Body Map

Inspired by early works [4, 39], we introduce body map B,
a binary map segmenting the human body from the back-
ground. While its ground truth is not easily available, we
will demonstrate how to approximate it using only skeleton
during training in Sec. 4.2.

3.4. Flow Map

We observe from methods in unsupervised video object seg-
mentation [7, 20, 25] that pixels with optical flow distinct
from the background often represent moving human body
parts and interacting objects. Hence, human-object interac-
tion can be inferred from optical flow values.

To capture this interaction, we introduce the flow map F,
a binary map derived from the optical flow O € RH*Wx2,
F is defined as follows:

Qz) = [O(z) = Oll2, (2)
Fl) = {1, ifQ(x).> emax (), 3)
0, otherwise.

Here, O is the average flow value representing the back-
ground, and € > 0 is a constant that sets the threshold
between static and moving objects. As we will discuss
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Figure 4. The overall structure of SFSNet. The flow estimator is pretrained via unsupervised learning.

in Sec. 4.2, optical flow can be predicted through unsuper-
vised learning, allowing the estimation of F without requir-
ing ground-truth optical flow O.

3.5. SBFConv3D: SBF-augmented HAR

Before combining SBF and skeleton, we first transform the
skeleton into either a joint heatmap volume H” or limb
heatmap volume #H”, following PoseConv3D [11]. Both
H7 and H” are heatmaps of size H x W x .J, generated
using a 2D Gaussian filter with standard deviation o. Us-
ing H” and S” results in the “joint” variant of our method,
while H” and S” produce the “limb” variant. In the fol-
lowing, we use H and S to generically represent either the
joint (X7, 87) or limb (H%, S*) variants.

The same Gaussian filter with standard deviation o is
applied to the three components in SBF to obtain their
smoothed versions: S’, B’ and F’. The integrated volume
V is calculated as a weighted sum of H and S':

V="H+uS, 4)

where p is the weighting parameter. Finally, V, B’ and F’
are concatenated to form a tensor of size H x W x (J +2),
which is fed into a downstream HAR model. Notably, we
combine H and S’ via a weighted sum because #; and S
are highly correlated when ¢ = j but largely independent
otherwise. V, B’ and F’ are concatenated because they pro-
vide complementary information for HAR.

Due to its similarity in size to H, we employ the same
3D CNNs as PoseConv3D for our SBF-augmented HAR
method, SBFConv3D, to validate the effectiveness of SBF
independent of model architecture. Like previous multi-
stream skeleton methods, SBFConv3D can integrate the
“joint” and “limb” streams using both SBF variants.

4. Extracting SBF with SFSNet

In this section, we introduce SFSNet, an effective segmen-
tation network for SBF prediction requiring no extra an-
notation overhead beyond the existing skeleton extraction.

First, Sec. 4.1 presents a comprehensive overview of SFS-
Net. We then explain our Simplified PointRend (SPR) mod-
ule for point-supervised segmentation and our proposed
process for point annotation generation in Sec. 4.2. Finally,
the training details of SFSNet are provided in Sec. 4.3.

4.1. Overview

The overall structure of our SFSNet is illustrated in Fig. 4.
The image backbone encodes an Z;_; into the image feature
Zl |, which is then fed into the scale head and body head to
predict the joint scale volume S;_1 and the body map B;_1,
respectively. Meanwhile, the optical flow O; is predicted
from Z;_; and Z; using an off-the-shelf flow estimator pre-
trained via unsupervised learning. The flow feature Z© is
then encoded from O; with the flow backbone and subse-
quently input into the flow head to predict the flow map F;.
The entire training process is supervised under three seg-
mentation losses, namely Li;cqie, Lipody and Ligoy,.

4.2. Simplified PointRend (SPR)

We treat the prediction of each binary map of size H x W
in SBF as a single-class segmentation task. To avoid
the labor-intensive annotation process to obtain pixel-level
ground truth for segmentation, we introduce our Simplified
PointRend (SPR) module, which can utilize sparse point an-
notations for supervision instead of complete ground truths.
It employs a multi-layer perceptron that incorporates posi-
tional encoding and adaptive subdivision upsampling from
Implicit PointRend (IPR) [6, 18], while excluding elements
unnecessary for single-class segmentation. The scale head,
body head and flow head are three instances of the SPR
module.

All of our SPR modules are trained using point anno-
tations derived from skeleton and optical flow, without re-
quiring any additional annotation overhead beyond the ex-
isting skeleton extraction. The generation process for each
SPR module begins by constructing positive and negative
pixel sets, PP°® and P, with labels derived from skeleton
or optical flow, as illustrated in Fig. 5. We then randomly
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Figure 5. A conceptual example of the “waving” action for our
annotation generation method in SPR. In each segmentation task,
the white region denotes P’ (positive labels), the black region
represents P"* (negative labels), and the grey region indicates
areas excluded from point sampling.

sample a fixed number of positive and negative points from
PPos and P, respectively, as the point annotations used
in training. Detailed explanations of the annotation genera-
tion process for the scale head, body head and flow head are
provided below.

Scale Head: We define the joint set of joint 4, denoted as
P77 to be the set of points containing the 3 x 3 pixels
centered on its exact coordinate. The background set 7%
comprises all pixels outside the bounding box of the target
individual with a padding of p. For each joint 7, the positive
set PP equals its joint set P/, and the negative set is
the union of all other joint sets and the background set:

,Pineg — U ,P&]_’oint U szg. (5)

J#i

We sample N?°¢ positive points from PF’* and N"% neg-

ative points from P;**. The training loss is calculated us-

ing the predicted binary classification scores CP** at positive
. neg . .

points and C; ™ at negative points:

J
Lacate = Y (BCE(C!**,1) + a- BCE(C[,0)), (6)

)

where « is a balancing constant, and I and O respectively
denote the identity and zero tensor.

The ¢-th prediction of the scale head aggregates all pixels
highly corresponding to the joint ¢ while excluding other
body parts and the background. This ensures that the area
of 1’s in the i-th prediction roughly covers the entire joint 7,
thus estimating the i-th scale map S; defined in Sec. 3.2.

Body Head: We use Bresenham’s line algorithm to con-
nect joints on the image plane according to the graph struc-
ture of the skeleton. PP°® comprises all connected line seg-
ments and their adjacent pixels, while P"% equals the back-
ground set as noted in the paragraph of Scale Head. A con-
stant of V% points are randomly sampled from either set.
The loss function for the body head L,g, is a BCE loss
directly computed on all sampled points.
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The body head prediction aims to distinguish pixels inside
and outside the human body, with the boundary represent-
ing an approximate human body contour.

Flow Head: Points for the flow head are selected based on
the predicted optical flow O from an off-the-shelf unsuper-
vised flow estimator. To generate P?°° and P™%, we first
estimate Q(z) from Eq. (2) by replacing the ground-truth
O with its prediction O and O with O:
Q(z) = [O(z) = Oz, @

where (’5 is the mean flow vector of ©. Given constants
B,7v € (0,1), PP and P™ are defined as follows:

Pros = {x: Q(z) > fmaxQ},
Pred = {z: Q) < ymax 2}

®)
€))

NFow points are randomly sampled from either set and
BCE is adopted as the loss function L., .

The flow head prediction is clearly an estimate of F defined
in Sec. 3.4, with the threshold € lying between 3 and ~.

4.3. Model Training

We first train the flow backbone and flow head on a small
video dataset with Lg,,, as the total loss. Then the remain-
ing components of SFSNet are trained on a large-scale im-
age dataset with the loss changed to

L= ILJscale + )\bodyH-‘body; (10)

where Ap,qy is the weighting parameter.

5. Experimental Evaluation
5.1. Datasets

We evaluate our method on four mainstream action recog-
nition datasets: NTU RGB+D [29], NTU RGB+D 120 [23],
UCF101 [33] and HMDBS51 [19].

NTU RGB+D (NTU) is a large-scale action recognition
dataset collected in lab environment, with 56,880 action
sequences performed by 40 subjects categorized into 60
classes. There are two standard benchmarks for this dataset,
Cross-Subject (X-Sub) and Cross-View (X-View).

NTU RGB+D 120 (NTU120) is an extended version of
NTU RGB+D with 113,945 action sequences performed by
106 subjects categorized into 120 classes. There are two
standard evaluation protocols most commonly used, namely
Cross-Subject (X-Sub) and Cross-Setup (X-Set).

UCF101 and HMDB51 are two video-based HAR
datasets sourced from the Internet. UCF101 (UCF) contains
13,320 videos across 101 action categories, and HMDBS51
(HMDB) includes 6,849 videos across 51 actions. In our
evaluation, models trained on these datasets are pretrained
on Kinetics 400 [17], a large-scale video action dataset.



Table 1. Comparison of model size, computational cost and accuracy (%) with the state-of-the-art HAR methods on NTU and NTU120.
All methods shown in the table extract intermediate representations (skeleton, object and SBF) from videos. Number of parameters and
FLOPs are calculated for the downstream HAR model alone. Both 1-clip and 10-clip testing are applied to PoseConv3D and SBFConv3D.
”J” and ”L” indicate the joint and limb variants of SBF defined in Sec. 3.5.

. NTU NTU120
Method Category Add. Anno. Params (M) FLOPs (G) Clips X-Sub X-View  X-Sub  X-Set

ST-GCN [46] Skeleton X 12.3 15.3 10 92.4 98.3 84.7 89.0
AA-GCN [30] Skeleton X 15.0 17.4 10 93.0 98.2 85.5 89.9
MS-G3D [24] Skeleton X 11.8 27.4 10 94.1 98.3 87.4 90.9
CTR-GCN [5] Skeleton X 5.7 7.8 10 93.6 98.4 86.6 90.1
ST-GCN++ [10] Skeleton X 5.6 11.2 10 93.2 98.5 86.4 90.3
BlockGCN [50] Skeleton X 5.2 8.4 10 93.9 98.2 87.3 90.7
ProtoGCN [22] Skeleton X 24.9 36.9 10 94.1 98.8 87.5 90.9

IOL [44] Skl+Obj v - - - 90.0 95.7 - -
MSI [40] Skl+Obj v - - - 91.5 96.5 88.2 89.4
1 94.0 96.6 86.3 89.9
PoseConv3D [11] Skeleton X 4.0 31.6 10 4.1 971 36.9 90.3
SKI+SBE() X 20 162 1 94.6 97.8 89.0 91.5
10 94.6 98.0 89.1 91.7

SBFConv3D (Ours)

SKI+SBF(J+L) X 40 304 1 94.8 97.9 89.4 92.2
’ ’ 10 95.0 98.1 89.6 92.3

5.2. Implementation Details

SFSNet: We use HRNet-W32 [41] as the image backbone,
LiteHRNet-18 [47] as the flow backbone, and SMURF [36]
is selected as the flow estimator. The data augmentation
pipeline follows [18] , with each bounding box padded to a
square and resized to 256 x 256. During the process of point
annotation generation, we use padding p = 10, N,,s =
327Nneg = 128, Nbody = Nflow = 256, o = 19, 5 = 08,
and v = 0.2. The loss weights are set to Ajoins = 0.025
and Apoqy = 1. We first train the flow backbone and flow
head in SFSNet on J-HMDB [15] for 100 epochs and then
train the other components on COCO17 [21] for 210 epochs
with the flow backbone and flow head frozen.

SBFConv3D: We employ SlowOnly-R50 (SO-R50) [13]
as the 3D CNN backbone and adhere to the training pipeline
in [11] for our SBF-augmented HAR. The length of each
SBF sequence is 48, and the crop size is 56 x 56 during
training. p is set to 0.1, and a Gaussian filter with 0 = 0.4
is applied. The models are trained for 240 epochs in total. In
our experiments, we apply 10-clip testing, which aggregates
results of 10 distinct samples from a video, unless otherwise
specified. When fusing the two streams of SBFConv3D, we
average their prediction scores to produce the final results.

5.3. Comparison with State of the Art

In this section, we compare our SBF-augmented HAR
(Skl+SBF) with state-of-the-art HAR approaches based on
intermediate representations extracted from videos. Se-
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lected baselines belong to two categories:

Skeleton methods , including ST-GCN [46], AA-
GCN [30], MS-G3D [24], CTR-GCN [5], ST-GCN++ [10],
BlockGCN [50], PoTion [8], PA3D [45] and PoseC-
onv3D [11]. For a fair comparison, we evaluate their per-
formance using 2D skeleton extracted from videos using
HRNet-w32 [41] with a clip length of 100. BlockGCN is
trained by ourselves, while the results for other such meth-
ods are sourced from [10]. For methods involving multi-
stream fusion, we report results using the most streams.

Skeleton-object fusion methods (Skl+Obj) which inte-
grate object information into 2D skeleton using additional
annotations, including IOL [44], MSI [40], and SKP [14].
We present the best results reported in their papers.

As shown in Tab. I, our SBFConv3D with 1-clip test-
ing already outperforms all other methods in 3 out of 4 set-
tings on NTU and NTU120. Notably, SBFConv3D’s perfor-
mance even exceeds skeleton-object fusion methods, which
rely on additional annotations, across all settings. With
10-clip testing, SBFConv3D achieves a 2.2% accuracy in-
crease on NTU120 X-Sub and a 1.6% increase on NTU120
X-Set compared to skeleton methods. Results in Tab. 2
also demonstrate that our SBFConv3D attains higher perfor-
mance than skeleton methods on UCF and HMDB and even
surpasses SKP on HMDB, indicating its effectiveness in
more challenging scenarios. Even in the NTU X-view set-
ting, where SBFConv3D shows lower accuracy than state-
of-the-art skeleton approaches, it still substantially outper-



Table 2. Comparison of accuracy (%) with the state-of-
the-art HAR methods on UCF and HMDB.

Table 3. Comparison of efficiency of entire video-based HAR pipelines on
NTU X-Sub. Number of parameters and FLOPs are calculated for both the
skeleton/SBF extraction network and the downstream HAR model. 1-clip

Method ‘ Category ‘ UCF HMDB testing is used here. E. V. stands for “extractor variant”.
IPDX?DOH[E} ‘ 211:}2:22 65_'2 22; Method ‘ Category E.V. Params FLOPs ‘ Acc (%)
. CTR-GCN [5] Skeleton ~ Base 36.3M 1.1T 93.5
SKP[14] ‘ SkI+Ob; ‘ 87.8 709 Proto-GCN [22] | Skeleton Large 90.6M 3.6T ‘ 94.2
PoseConv3D [11] ‘ Skeleton ‘ 87.0 69.7 SBEComD SKLLSBE Small  25.7M 617G 938
SBFConv3D ‘ Skl+SBF ‘ 87.5 71.2 Base 67.4M 3.5T 94.8

Table 4. Comparison of accuracy (%) on videos captured from
different viewing angles on NTU120 X-Sub.

Method ‘ Category ‘ Front Side 45°
PoseConv3D [11] | Skeleton | 87.4 83.5 86.9
SBFConv3D Skl+SBF | 90.1 87.3 89.9
A - +2.7 438 +3.0

forms PoseConv3D, which utilizes the same model struc-
ture and training pipeline, underscoring that SBF effectively
complements the skeleton with rich action representation.

Beyond performance, we assess the efficiency of SFS-
Net and SBFConv3D in comparison with state-of-the-art
skeleton approaches. Tab. | presents the statistics for the
downstream HAR model alone. The results reveal that SBF-
Conv3D achieves the highest accuracy with the smallest
model size and comparable computational cost in most set-
tings on NTU and NTU120. Tab. 3 further exhibits the pa-
rameter count and FLOPs for the entire video-based HAR
pipeline, including both the skeleton/SBF extraction and the
downstream HAR model, with 1-clip testing. In addition
to the Base extractor variants used in Tab. 1, we employ a
larger skeleton extractor for ProtoGCN (Large) and a more
compact skeleton+SBF extractor for SBFConv3D (Small)
to further highlight the efficiency of SBF. The former adopts
HRNet-w48 [41] with 4x higher input resolution; the latter
uses RTM-Pose [16] for skeleton extraction, LiteHRNet-
30 [47] as the image backbone, LiteHRNet-18 [47] as the
flow backbone, and downsamples the input size to 1/16 in
the flow estimator. Results show that Small SBFConv3D
achieves higher accuracy than Base CTR-GCN with lower
computational cost, while Base SBFConv3D outperforms
Large ProtoGCN with comparable efficiency.

5.4. Study on Challenging Scenarios

To more clearly demonstrate the advantage of SBF-
augmented HAR, we conduct further analysis on the recog-
nition results in challenging scenarios characterized by dif-
ficult viewing angles or hard action categories. Only the
joint stream is used for SBFConv3D and PoseConv3D.
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Table 5. Comparison of accuracy (%) on actions with different
difficulty levels on NTU120 X-Sub.

Method ‘ Category ‘ Hard Medium Easy
PoseConv3D [11] | Skeleton | 52.2 82.2 96.5
SBFConv3D Skl+SBF | 61.1 87.1 97.4
A - +8.9 +4.9 +0.9

cutting nails

reading

make ok sign

play magic cube

open a box

thumb up

fold paper

cutting paper (using scissors)
playing with phone/tablet
writing

snapping fingers

make victory sign

hit other person with something
counting money

staple book

=5 0 5 10 15 20

Figure 6. The accuracy difference (%) between our SBFConv3D
and PoseConv3D for hard actions on NTU120 X-Sub.

Viewing angles: We divide the testing data in NTU120
X-Sub into three splits according to their viewing angles,
namely the Front, Side and 45° view. Intuitively, data from
the Side view suffers the most from lack of depth informa-
tion, as it provides the least amount of spatial differentia-
tion. Results in Tab. 4 confirm this intuition, showing lowest
accuracy for the Side view. Our SBFConv3D attains greater
performance improvement on the Side view (+3.8%) than
on Front (+2.7%) and 45° (+3.0%) views, which demon-
strates that the joint scale map volume effectively provides
depth information to enhance the action representation.

Action Categories: Following [49], we classify the action
categories in NTU120 into three difficulty levels indicated
by the action-specific accuracy of PoseConv3D. Actions
with accuracy above 90% are considered as Easy, those
within 70-90% as Medium, and those below 70% as Hard.
As demonstrated in Tab. 5, our SBFConv3D significantly
boosts the accuracy for Hard (+8.9%) and Medium (+4.9%)



Table 6. Ablation Study on SBF components on NTU X-Sub.
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actions. Fig. 6 lists all the Hard actions and shows accu-
racy improvements in 14 out of the 15 actions, including
those highly related to body contour (e.g. “make OK sign”)
or human-object interaction (e.g. “cutting nails”). This sug-
gests that the body map and flow map in SBF effectively
capture the relevant information, substantially enhancing
HAR performance in challenging scenarios.

5.5. Ablation Studies and Qualitative Analysis

This section presents ablation studies and qualitative analy-
sis using the joint stream of SBFConv3D and PoseConv3D.

Effects of SBF Components: We validate the effective-
ness of all three components of SBF, scale map volume
S, body map B and flow map F on NTU X-Sub. Results
in Tab. 6 demonstrate that all components collectively en-
hance the performance of our SBF-augmented HAR. No-
tably, the flow map contributes the most, possibly because
NTU includes various types of objects.

Comparison with PoseConv3D with different 3D CNNs:
In addition to SO-R50, we also compare the performance
of our SBFConv3D with PoseConv3D using two other 3D
CNNs, namely C3D-s [37] and X3D-s [12], on NTU X-Sub.
As shown in Tab. 7, SBFConv3D outperforms PoseConv3D
across all three model types, with only a marginal increase
in model size and computational cost. This compelling evi-
dence proves that SBF improves HAR accuracy with com-
parable efficiency regardless of the model structure.

Visualization of Predicted SBF: We present visualization
of SBF samples predicted by SFSNet in Fig. 7. The re-
sults demonstrate that S effectively reflects the scale of each
joint, B successfully encircles various body parts, and F
clearly captures the moving body parts and interacting ob-
jects. This validates that SBF effectively incorporates the
action-related information.

6. Conclusion

Previous works on video-based human action recognition
(HAR) are usually based on 2D skeleton as an intermediate
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Table 7. Comparison with PoseConv3D using different down-
stream networks on NTU X-Sub.

Method ‘ Network ‘ Acc (%) Params FLOPs
SO-R50 93.7 2.0M 15.8G

PoseConv3D [11] C3D-s 92.9 3.4M 16.8G
X3D-s 92.3 241K 0.6G

SO-R50 94.6 2.0M 16.2G

SBFConv3D C3D-s 93.4 3.4M 17.1G
X3D-s 92.4 242K 0.7G

(a) Image

) B

Figure 7. Visualization of SBF components predicted by SFSNet
on NTU120 X-Sub. Each joint’s scale map has a distinct color.

representation, which struggles with common scenes due to
its lack of action-related information, such as joint depth,
body contour and human-object interaction. We propose
a novel representation called SBF to augment skeleton for
video-based HAR. SBF consists of a scale map volume with
the scale (relating to depth) of each joint, a body map out-
lining the human contour, and a flow map based on opti-
cal flow values to capture the interaction between the hu-
man and the object. We further present the extractor SFS-
Net, which predicts SBF with point annotations generated
from skeleton and unsupervised optical flow. Without addi-
tional annotation overhead beyond existing skeleton extrac-
tion, SBF effectively integrates the action-related informa-
tion with similar compactness and efficiency. Extensive ex-
perimental results on commonly used datasets show that our
SBF-augmented HAR pipeline outperforms state-of-the-art
skeleton methods with similar efficiency. Future work may
explore more advanced designs for SFSNet to improve the
quality of predicted SBF, and develop more powerful down-
stream models for SBF-augmented HAR.
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