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ABSTRACT

Human Action Recognition (HAR) in video is essential for human—computer interaction,
particularly in sign language and smart device control. However, model performance depends
heavily on accurate temporal annotation of dynamic gestures. This study proposes a frame-level
video annotation tool for Vietnamese sign language, enabling precise temporal segmentation and
structured JSON export for deep learning applications. A dataset of 15 dynamic gesture classes is
also constructed using a multi-view acquisition setup. Annotation quality is evaluated using
Temporal IoU, Cohen’s Kappa, and annotation time. Results show high inter-annotator agreement
at 0.9470 and 0.9888, respectively, demonstrating the effectiveness of the proposed tool for
reliable and efficient gesture annotation.

Keywords: Dynamic action recognition; Deep learning; Video annotation; Temporal loU; Cohen’s Kappa; Temporal
segmentation; Annotation evaluation.

1. INTRODUCTION

Computer vision and deep learning have significantly advanced human—machine interaction,
particularly in human action recognition and sign language recognition [1-4]. Large-scale datasets
such as Kinetics [2], ActivityNet [4], and Pascal VOC [5] have accelerated this progress. However,
performance remains highly dependent on annotation quality, especially the accurate temporal
boundaries of dynamic gestures [4].

Existing datasets are often based on pre-segmented clips [6, 7], which do not fully represent
continuous real-world actions. Therefore, accurate frame-level annotation of raw videos is essential
for building reliable continuous gesture datasets. Although ActivityNet [4] and HACS [9] support
temporal action annotation, they focus on generic actions rather than sign language, where gesture
boundaries may be ambiguous and sign order may differ from spoken-language structure.

Although VIA [8], CVAT [10], Label Studio [12], and ELAN [13] support general annotation
tasks, they are not specifically designed for sentence-level sign language videos. VIA, CVAT, and
Label Studio provide limited frame-level temporal segmentation and lack sentence—gloss order
mapping, while ELAN’s tier-based structure can be cumbersome and often requires additional
processing for deep-learning formats. Therefore, these tools are less suitable for Vietnamese sign
language, where sign order may differ from spoken-language word order. Annotation quality is
assessed using tloU [4], Cohen’s Kappa [11], and annotation time to measure temporal overlap,
label agreement, and efficiency. Since Kappa may be affected by class imbalance [14], these
metrics provide complementary evaluation.

We introduce a Vietnamese sign language dataset with 15 dynamic gesture classes collected
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using a multi-view setup. Together with the proposed annotation tool, it supports precise temporal
segmentation and structured sentence-level annotation. The main contributions are: (1) A
Vietnamese sign language gesture dataset for human—machine interaction; (2) A frame-level
annotation tool with structured data export; (3) An evaluation framework using tloU, Cohen’s
Kappa, and annotation time.

Section 2 presents the method, Section 3 the evaluation metrics, Section 4 the dataset, and
Section 5 the experimental results and discussion.
2. PROPOSED METHOD
To support gesture recognition training, we develop a dedicated annotation tool for accurate
frame-level segmentation and gesture labeling in raw videos.
2.1. Software pipeline

The proposed annotation process is organized as a multi-stage pipeline that transforms raw
video data into structured annotations for training artificial intelligence models, as illustrated in
Figure 1.

— . . Gesture JSON
@ . Video Video Frame Manual 0 .
= » ) » ) » L | boundary | | . annotation
\\\\ recording loading navigation . labeling
selection export

Figure 1. Pipeline of the proposed video annotation process.

The pipeline comprises multi-view video acquisition, frame-level visualization and navigation,
gesture boundary identification, gesture labeling, and JSON export. It supports accurate temporal
annotation and produces structured data for deep learning and gesture recognition. Figure 2
presents the corresponding pseudo-code.

Algorithm: Frame-Level Annotation Procedure for Vietnamese Sign Language Videos

Require: Raw video V, label set C, full sentence gloss F, frame rate r
Ensure: Structured annotation file A in JSON format

%: Load video V and extract metadata including frame rate r and total number of
rames N

2: Initialize an empty annotation list A

3: Display V with frame-level navigation controls

4: while there are unannotated gesture segments in V do

5: Navigate through V to identify the start frame fs of a gesture segment

6: Navigate through V to identify the end frame fe of the gesture segment

7: Select the corresponding gesture label c¢ from C

8: Enter the full sentence gloss F in spoken-language order

9: if fs < fe and c is valid then

10: Compute the segment duration d = (fe - fs) / r

11: Append record (fs, fe, c, F, d) to A

12: else

13: Request correction of the invalid annotation

14: end if

15: end while

16: Review, edit, or delete annotation records if necessary

17: Export A as a JSON file

18: return A

Figure 2. Pseudo-code of the proposed frame-level annotation procedure.
2.2. Annotation software development

The annotation software is developed using Python. The main objective of this tool is to provide
fine-grained control over individual video frames, which is difficult to achieve with conventional
video playback software when annotating dynamic gestures. The user interface is designed with
the following main components:

- Video display and control panel: The system allows users to upload and visualize videos. To
accurately determine gesture timing, navigation controls are provided to move forward or
backward by small units, including single frames or blocks of 10 frames. Additionally, a progress
slider enables quick navigation to desired positions in the video.

Input panel: This section allows users to input annotation information. A gesture instance c
annotated by annotator i is defined in Equation (1):
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Ge = (fs.fe L) (D
Where fL is starting frame labeled by the i annotator, f% is ending frame labeled by the i
annotator, and L': gesture label assigned by the i annotator.

Annotation list management panel: All created annotations are displayed in a tabular list. Users
can review, edit, or delete annotations before finalizing the dataset, ensuring annotation accuracy.

Figure 3 (a) illustrates the interface of the software developed for video annotation.

"tool ver‘smn "4.8",
"viden_file" A BANDANG LAMGE _CHIBMHDLEN_L1.MOV"
'w.deg a'th Caélglser‘sﬂﬂmﬂwnlua:lsfvsl tucll.l‘A BANDANGLAMGE CHINHDTEN_L1 MOV"
"tota
“fpst i gzabusamzrzsa,
"annotator_id"
"annotatar_name” ? T . .
'sen‘tence_gluss u.;m fang L ai",
'ann:tatiun munt t 8,
"timi

*seszion_start”: null,

"session_end”: null

" paused_: Seconds” G.G

"active ann:l'tatmn secunds HE:N-N

"statusTr "idle”

b

T created date”: "2826-83-22T16:43:25.886186",
"annotations": []

a) b)
Figure 3. lllustration of the user interface of the video annotation tool (a)
and record in the JSON file (b).
2.3. Output data structure
After annotation, the data are exported in JSON format for seamless integration with machine
learning frameworks. The file includes video information, metadata (frame count and frame rate),
and a list of annotated gestures. Each annotation record contains the start frame, end frame, gesture
label, and duration. An example of the JSON record is shown in Figure 3 (b).
Storing frame-level boundaries enables precise extraction of gesture segments while removing

irrelevant segments such as idle states or noise. This results in cleaner datasets suitable for training
Al models.

3. EVALUATION METRICS

In this study, three metrics are used to evaluate the annotation tool: Cohen’s Kappa (K),
Temporal IoU (Intersection over Union - ¢;,;) and Annotation Time.

3.1. Temporal IoU

Temporal IoU is used to measure the degree of overlap between two temporal segments of a
gesture annotated by two different annotators. Let the dataset contain C= {c|c=(1, ..., C)} gesture
classes and a total of N = {n | n = (1, ..., N)} gesture instances. For a given gesture instance n
belonging to class ¢ = L, when it is annotated by annotator i, it is represented by the following
parameters as defined in Equation (2):

Gt = [fL, f, 1) ()
The same gesture instance n, belonging to class ¢ = L, is also annotated by annotator j and
represented by the parameters defined in Equation (3):

=[f.f.1) 3)
If L' = L = L the Temporal IoU metric tf; for gestures belonging to class c=L annotated by
two annotators, is computed based on the gesture annotated by annotator i (G') and the gesture
annotated by annotator j* (GJ) as defined in Equation (4):

n tlntersectlon (G G]) max [O: min(fei.i fej) - max(fsl:' fs])]
fov = tunion(G', G7) max(fL, ) — min(fL, f)

4)
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Where tinrersection (G, G?) denotes the overlapping temporal duration between the two
annotated gestures, while tynion(G',G/) represents the total temporal span covered by both
gestures. For a dataset containing N annotated gesture instances, the overall Temporal IoU is
computed as defined in Equation (5):

L&
tiov = Nz tiou )
n=1

The value of ¢t;,; ranges from 0 to 1. A lower t;,y indicates a smaller overlap between
annotated gestures, whereas a value approaching 1 suggests that the two annotators have identified
nearly identical temporal boundaries for the gesture.

3.2. Cohen's Kappa metric

In addition to evaluating the temporal boundary overlap of gestures using Temporal loU (t;,y),
this study also employs a second evaluation metric, Cohen’s Kappa (K), to measure the agreement
of gesture labels ¢ = L between two annotators. Unlike simple agreement ratios, Cohen’s Kappa
accounts for the possibility that two annotators may assign the same label purely by chance. This
metric is therefore used to assess the true level of agreement between annotators after removing the
effect of random agreement. In some cases, annotators may coincidentally assign identical labels;
thus, Cohen’s Kappa provides a more accurate reflection of the actual agreement between annotators.

Assume that two annotators i and j label the same dataset as described in Section 3(a). The label
assigned to the n-th gesture by the two annotators is denoted as L%, and L7, respectively. The
observed agreement ratio, or actual agreement (Py) between the two annotators is computed as
defined in Equation (6):

N
1 i ,
Py = Nz 1(L, = 1) (6)
n=1

While 1(-) denotes the indicator function, which takes the value 1 if the two annotators assign
the same label and 0 otherwise. Let p¢ be the probability that annotator i assigns label ¢=Ly,, and

pg be the probability that annotator j assigns label c=L/,. The expected agreement due to chance,
P, is computed as defined in Equation (7):

C
P= ) phol (7)
=1

Cohen’s Kappa (K) for the entire dataset consisting of N gesture instances is then computed as
defined in Equation (8) as follows:
Py —Fe
8
1-P, ®)
A lower value of K indicates weaker agreement between annotators, whereas a value
approaching 1 signifies a high level of agreement.

K =

3.3. Annotation time metric

Annotation time is also used to evaluate tool efficiency, based on the actual time required to
annotate a video or video set. Lower annotation time indicates improved efficiency and is
computed using Equation (9):

N
1
Tannotation = N Z T, (9)

n=1

While Ty,otation denotes the average annotation time, T, is the time required to annotate the
n-th video belonging to class ¢, N is the total number of videos in the dataset, and C is the total
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number of gesture classes used in the evaluation. A smaller value of Tppgtation indicates that the
annotation tool is more effective in improving annotator efficiency. While the previous two metrics
evaluate agreement between annotators, this metric is assessed independently and is mainly used
to compare annotators or annotation tools. A lower average annotation time suggests that the tool
better supports reducing annotation effort. This metric is typically used to compare different
annotation tools when performed by the same annotator, rather than comparing multiple annotators
on the same dataset.

In the experiments, annotators independently annotate the same set of videos in order to collect
data for computing the three evaluation metrics.

4. DATASET

4.1. Dataset definition

In this study, the data sample space is defined as a finite set of commands and phrases in
Vietnamese sign language, designed for human-machine interaction tasks. The dataset is
structured into three main functional groups: (i) status communication, (ii) smart device control,
and (iii) navigation. In total, the dataset consists of 15 labels, corresponding to 15 standardized
commands or phrases, which are categorized based on their functional and semantic
characteristics, as described in Table 1:

Table 1. Definition of hand gesture classes.

Functional

No. Label Word order Semantic description
category
1 [ am cookin Status & I-COOK - EAT — Indicating a personal
€ | Feedback PROG activity
. Status & Indicating a personal
2 I am working Feedback I- WORK - PROG activity
Status & .
3 [ agree Feedback I- AGREE Confirming agreement
. Status & . .
4 I disagree Feedback I- AGREE - NOT Confirming rejection
5 | lunderstand | Status & I - UNDERSTAND Confirming
Feedback comprehension
6 I do not Status & I - UNDERSTAND — Indicating lack of
understand Feedback NOT comprehension
7 Turn on the Device Control | LIGHT — ON Activating an electrical
light device
8 Tum off the Device Control | LIGHT — OFF Deactivating an
light electrical device

9 Open the door | Device Control | DOOR — OPEN Controlling access

(entry/exit)
10 | Close the door | Device Control | DOOR — CLOSE Controlling access
(entry/exit)
11 | Turn rieht Navieation DIRECTION — RIGHT — | Directional movement
g g TURN command
. DIRECTION - LEFT — Directional movement
12 | Turn left Navigation TURN command
) . DIRECTION — Forward movement
13 | Go straight Navigation STRAIGHT — GO command
14 | Step back Navigation DIRECTION — BACK — | Backward movement
GO command
15 | Stop Navigation GO — STOP Emergency stop

command
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4.2. Data specification

All labels correspond to dynamic gestures represented as temporal action sequences. Each
gesture is defined by three components: hand shape, position and orientation relative to the frontal
camera, and motion trajectory. The gestures are designed based on common communication
conventions in the Vietnamese deaf community, ensuring practical relevance.

4.3. Data collection environment setup

The data were collected using a multi-view recording system to ensure comprehensive spatial
information of the gestures. The system combines an [PC-A32P-PRO surveillance camera and a
smartphone camera (iPhone) to diversify the input data sources. The acquisition setup consists of
three cameras arranged in a multi-view configuration as illustrated in Figure 4, including one
frontal camera and two additional cameras positioned at left and right viewpoints with an angle of
30°. This configuration helps reduce occlusion and enhances the capture of hand gesture
information during data collection.

Figure 4. lllustration of the data collection environment.

The distance between the camera system and the subject is set within the range of 1.5 m to 2.0
m. All cameras are fixed throughout the data acquisition process to ensure consistency in viewpoint
and perspective.

4.4. Data collection procedure

Each data sample is collected following a three-stage procedure:(1) Resting state: the subject
remains in a natural initial posture; (2) Gesture execution: the subject performs the complete gesture
corresponding to the assigned label at a natural speed; (3) Completion: the subject returns to the
resting state to clearly define the temporal boundaries of the gesture. Detailed descriptions of how
each gesture is performed and assigned EPUVSLVideo. This dataset was provided in Table 1.

To enhance generalization capability, the dataset is collected with controlled variations,
including: (1) slight changes in body posture and orientation; (2) minor variations in position and
distance relative to the camera; (3) diversity in clothing and physical appearance. These factors
enable the model to learn robust gesture representations and reduce its dependency on specific data
acquisition conditions.

5. EXPERIMENTAL RESULT

Experiments were implemented in Python on an Intel Core i5-11400H CPU, NVIDIA GTX
1650 GPU, and 8 GB RAM. Evaluation used EPUVSLVideo (45 videos, 15 classes) and an IPN
Hand subset [15] (45 videos, 68 segments). Four annotators independently labeled both datasets,
yielding six pairwise comparisons assessed by mean tloU, Cohen’s Kappa, and annotation time.

5.1. Evaluation of overall agreement and pairwise analysis

Table 4 shows high agreement on EPUVSLVideo, with an average tloU of 0.9470 and Cohen’s
Kappa of 0.9888. A1-A2 achieved the highest tloU (0.9797), while A3—A4 obtained the lowest
(0.9260), which still indicates strong temporal consistency. Evaluation on the IPN Hand subset
further confirms that the proposed workflow generalizes to other continuous hand gesture datasets
under different categories and recording conditions.
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Table 2. Pairwise evaluation of annotation agreement on EPUVSLVideo and IPN Hand subset.

Annotator tloU Cohen’s Kappa
Pair EPUVSLVideo ?l:lljsg;‘l';‘]l EPUVSLVideo ggsg;‘l“;]l
Al-A2 die R O er | 09778 +-0.1491
A1-A3 Ot ROVt OOTT8" | 09778401401
Al-A4 e EPONa 00T | 09556 +/-0.2084
A2-A3 e ROV oy | 1.0000-+/-0.0000
A2-A4 O e 0 | 09778 +/-0.1491
A3-A4 o O oy | 1.0000-+/-0.0000
Average réhie o e | 09815+-00167

Table 3 further confirms the consistency across annotators. All pairwise tloU values exceed 0.92,
indicating no substantial disagreement in temporal boundary selection. Similarly, several pairs
achieve perfect Kappa values of 1.0000, reflecting near-complete agreement in label assignment.

Table 3. Pairwise annotation agreement matrix on EPUVSLVideo (tloU/Cohen’s Kappa).

Al A2 A3 A4
Al — 0.980/0.978 0.948 /0.978 0.949/0.977
A2 0.980/0.978 — 0.941/1.000 0.938/1.000
A3 0.948 /0.978 0.941/1.000 — 0.926 /1.000
A4 0.949/0.977 0.938 /1.000 0.926 / 1.000 —

Overall, these results indicate that annotation variability mainly arises from temporal boundary
ambiguity rather than label interpretation. The consistently high agreement further demonstrates
that the proposed annotation guidelines and software effectively support reliable and consistent
annotation performance.

5.2. Per-class evaluation of annotation agreement

The aggregated results in Table 4 show that most gesture classes achieve a high level of
annotation agreement. Specifically, 11 out of 15 classes obtain Mean tloU values above 0.95 with
low standard deviation, while Cohen’s Kappa reaches 1.0000 for nearly all classes, indicating
highly consistent label assignment.

However, several classes exhibit lower agreement. Notably, DONG CUA shows the lowest
Mean t;,y at 0.7840 = 0.2056, reflecting significant variation in temporal boundary selection,
while DI THANG presents a lower Kappa value of 0.8333 + 0.2887, indicating inconsistencies in
label assignment for certain samples.

Overall, these results suggest that annotation variability mainly arises from temporal boundary
ambiguity rather than label misunderstanding. At the same time, the consistently high agreement
across most gesture classes demonstrates that the proposed annotation software effectively
supports annotators in achieving reliable and consistent labeling performance.
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Table 4. Aggregated annotation agreement results by gesture class on EPUVSLVideo.

Gesture label Video number t ToU Kappa

BAT DEN 3 0.9506 + 0.0336 | 1.0000 + 0.0000
DI THANG 3 0.9542 + 0.0265 | 0.8333 + 0.2887
DONG_CUA 3 0.7840 + 0.2056 | 1.0000 + 0.0000
DUNG LAI 3 0.9401 + 0.0564 | 1.0000 + 0.0000
LUI BUOC 3 0.9810+0.0124 | 1.0000 + 0.0000
MO_CUA 3 0.9585 + 0.0376 | 1.0000 + 0.0000
RE PHAI 3 0.9648 + 0.0179 | 1.0000 + 0.0000
RE TRAI 3 0.9812 + 0.0047 | 1.0000 + 0.0000
TAT DEN 3 0.9799 + 0.0050 | 1.0000 + 0.0000
TOI DANG LAM_VIEC 3 0.9546 + 0.0210 | 1.0000 + 0.0000
TOI DANG_NAU_AN 3 0.9595 +0.0196 | 1.0000 + 0.0000
TOI DONG_Y 3 0.9653 + 0.0254 | 1.0000 + 0.0000
TOI HIEU 3 0.9361 + 0.0324 | 1.0000 + 0.0000
TOI KHONG _DONG_Y 3 0.9387 +0.0186 | 1.0000 + 0.0000
TOI KHONG HIEU 3 0.9561 +0.0242 | 1.0000 + 0.0000

5.3. Annotation time evaluation

The results in Table 5 show noticeable differences in annotation time among annotators.
Specifically, annotator A1 achieves the lowest average time at 26.47 s/video and 18.05 s/segment,
while A3 requires the longest time at 57.67 s/video and 39.32 s/segment. The overall average
annotation time is 38.95 s/video and 26.63 s/segment.

Table 5. Annotation time statistics across annotators on EPUVSLVideo.

Annotator | Videos Time (s) Time/vid (s) Segments Time/seg (s)
Al 45 1191.25 26.47 66 18.05
A2 45 1905.56 42.35 66 28.87
A3 45 2595.25 57.67 66 39.32
A4 45 1319.06 29.31 65 20.29
Avr = STD 1752.78 +£533.02 | 38.95+12.50 | 65.75+0.50 | 26.63+9.33

These differences suggest variability in annotation speed, likely due to differences in
experience, familiarity with the tool, or individual annotation strategies. However, when
considered alongside the high agreement results reported earlier, it can be observed that annotation
quality remains consistently high despite variations in annotation time. This indicates that the
proposed annotation tool provides stable support for annotators, enabling reliable and consistent
labeling performance regardless of individual annotation speed.

6. DISCUSSION AND CONCLUSIONS

The proposed tool achieved high inter-annotator agreement on EPUVSLVideo, with a mean
tloU 0f 0.9470 and Cohen’s Kappa of 0.9888, while evaluation on the IPN Hand subset confirmed
its generalizability. Disagreements mainly arose from ambiguous temporal boundaries rather than
gesture labels. The tool supports frame-level segmentation and sentence gloss input, making it
suitable for Vietnamese sign language videos with differing sign and spoken-language orders.
Future work will expand the dataset and annotator pool and investigate Al-assisted boundary
proposals evaluated by annotation time, temporal accuracy, and agreement.
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TOM TAT

Cong cu gan nhan video theo tirng khung hinh cho cir chi dong
va irng dung trong ngén ngir ky hiéu Viét Nam

Nhdén dang hanh dong con nguoi trong video dong vai tro quan trong trong tuong tac
nng’l—may, déc biét doi voi ngén ngit ky hiéu va diéu khién thiét bi théng minh. Nghién ciru
nay dé xudt cong cu gan nhan video & muc khung hinh cho ngon ngir ky hi¢u tiéng Viét, ho
tro phan doan thoi gian chinh xdc va xudt div liéu JSON phuc vu hoc sau. Mot bo dir liéu
gom 15 I6p cir chi dong ciing dwoc xdy dung bang hé thong thu thdp da géc nhin. Chat
lwong gan nhan dwoc danh gia bang Temporal IoU, Cohen’s Kappa va thoi gian gan nhan,
voi két qud dong thudn lan luot dat 0.9470 va 0.9888.

Tir khéa: Nhan dang hanh dong; Hoc sau; Gan nhan video; Temporal IoU; Cohen’s Kappa; Phan doan theo thoi gian;
Danh gia gan nhan.
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