(0)

Fig 4. Feature measurement scenario: (a) LOS, (b)
NLOS, (c) Multipath

Feature measurements for the NLOS dataset were
conducted in the same room as the LOS scenario (FIT
Hall), with a whiteboard placed as an obstacle between
the anchors and tags. This obstacle impedes UWB signal
propagation, causing the refraction, diffraction, reflec-
tion, and attenuation of the signal. Consequently, the
range estimation will have significant deviations. The
NLOS scenario is illustrated in Fig. 4(b). The multipath
dataset measurements were obtained in a 2.3-meter
hallway with walls and wooden doors on both sides, as
shown in Fig. 4(c). This environment with adjacent walls
causes fading, resulting in constructive and destructive
interference. From these measurements, the data will
be studied to determine how multipath propagation
affects ranging accuracy.

From the measurements, three raw data sets were pro-
duced: LOS, NLOS, and multipath raw data. Preprocess-
ing is systematically applied to LOS, NLOS, and Multipath
raw datasets (equation 9) before they are integrated
into a final dataset that is structured for machine learn-
ing classification. Data preprocessing is the process of
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cleaning data and transforming data into a form that is
easier to understand for analysis, including data clean-
ing, data integration, data transformation, filtering data,
renaming columns, dropping duplicate rows, dropping
missing or null values, and dropping outliers. The next
stage is to combine each LOS, NLOS, and Multipath data
to create a dataset that is ready to be used in building a
classification model using machine learning.

The next stage involved analyzing each feature in the
dataset, including the statistical characteristics of the
features, correlations, and evaluations of overfitting
and underfitting. The dataset was employed to devel-
op classification models capable of distinguishing be-
tween LOS, NLOS, and multipath conditions. The mod-
els used were Logistic Regression (LR), Support Vector
Machine (SVM), Naive Bayes (NB), k-nearest neighbors
(KNN), Random Forest (RF), Gradient Boosting (GB), and
Linear Discriminant Analysis (LDA).

4. RESULT AND DISCUSSION

This section discusses the PFS correlation values,
which are subsequently analyzed and used to deter-
mine the selected features for dataset construction.
In addition, the results of the error analysis were used
to derive the regression equation of the REM, which
served as the measurement basis for the dataset. Sta-
tistical tests and correlation analyses were performed
to characterize each feature within the dataset. Under-
fitting and overfitting tests were conducted to evaluate
the reliability of the dataset across different classifica-
tion models. To obtain a model with high accuracy and
low complexity, the classification model results were
evaluated based on both accuracy and inference time.

4.1. THE RESULT OF PFS-REM

Fig. 5(a) shows that the Ranging CIR, RXPower, FP-
Power, and SNR exhibited strong correlations with each
other. This refined feature set was subsequently used
to develop the dataset. The modified dataset contain-
ing the five selected features was used to build classifi-
cation models to distinguish between LOS, NLOS, and
multipath environments.

The accuracy and complexity parameters were evalu-
ated, as shown in Fig. 5(b). Complexity was measured
based on the length of the execution time across all
classifiers for both datasets using 12 and 5 features.
A comparison of the learning time between datasets
using 12 and 5 features showed a significant reduc-
tion in the execution time of up to 50% for GB and RF,
while still achieving high accuracy. The KNN, LR, and RC
models had faster learning times but lower accuracy.
The evaluation results show that feature reduction can
reduce complexity while maintaining high accuracy in
several models, namely, RF and GB.

Error analysis techniques for REM using Q-Q plots
and distribution analysis can help identify systematic
errors and guide the selection of appropriate mitiga-
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tion methods. The systematic ranging errors in this
study [35] underlie the use of regression as a mitiga-
tion method (REM). Using experimental data collected
at T-meter intervals over a 25-meter range. Fig. 5(c) il-
lustrates the MAE before and after the regression. The
effectiveness of the REM-based mitigation was evalu-
ated by comparing the MAE before and after mitiga-
tion. The MAE before mitigation was 75.68 cm, and
after correction, MAE = 5.05 cm. The post-mitigation
results showed a substantial decrease in error across
all measured distances, reinforcing the effectiveness of
regression as a compensation method. The REM-based
error correction significantly reduced the ranging er-
rors, achieving a 93.3% improvement in ranging accu-
racy. The corrected distance estimates exhibited high
reliability, making them suitable for indoor localization
and dataset construction.
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4.2. DATASET ANALYSIS

4.2.1. Feature Correlation of The Dataset
and Ranging Analysis of each Class

The strongest negative correlation in Fig. 6 (a), with
a value of -0.54 for RXPower and Noise, indicates that
increased noise interference is associated with a de-
crease in received power (RXPower). This phenom-
enon is related to the reflections that occur in NLOS
and MP environments. Multipath interference increas-
es noise, thereby reducing the received RXPower. This
illustrates that UWB signal propagation is affected by
scattering and absorption owing to the presence of
reflective and absorptive surfaces.

The correlation between Range and FPPower, with a
value of -0.31, indicates that an increase in distance is
associated with a decrease in FPPower. In indoor en-
vironments, multipath reflections owing to obstacles
can cause reflections, accelerating the nonlinear de-
cline in FPPower, particularly under NLOS conditions.
In NLOS, the median FPPower value at a range of
approximately 1.67 m reached -91.18 dBm, whereas
in LOS at a range of approximately 10 m, it reached
-79.57 dBm.
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Fig. 6. (a) Heatmap Correlation of dataset, (b) MAE
with standard Deviation of LOS, NLOS, and Multipath
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This variability explains the correlation not approach-
ing -1 owing to specific environmental influences, such
as absorptive materials that can obscure the distance-
power relationship. However, the relationship between
RXPower and FPPower was favorable at 0.42. Therefore,
as FPPower increases, the overall RXPower increases
slightly. RXPower is the total power of the received
signal. It is composed of the power from both FPPower
and multipath components. The positive correlation of
0.42 indicates that FPPower, which is the main direct
signal component, has a substantial effect on RXPower.

This is especially true when LOS is present, because
the median FPPower (-79.57 dBm) and RXPower (-57.48
dBm) are more closely related than when NLOS is present
(-91.18 dBm vs -58.01 dBm). In other words, FPPower is a
simple way to assess signal strength, whereas RXPower
is affected by multipath effects, which are strongerin MP
situations. Under these conditions, reflections can boost
the total received power even if FPPower is lower.

The Ranging (distance) feature is obtained by mea-
suring the distance between the anchor and tag. In the
ranging feature, ranging error analysis based on MAE
was performed to determine the distance measure-
ment deviations produced by each LOS, NLOS, and
Multipath. The standard deviation was calculated to
determine the variation in the errors that occurred in
LOS, NLOS, and Multipath.

Fig. 6 (b) shows the MAE with error bars for the stan-
dard deviation (STD). It shows how well the error works
over distances of 1-10 m for three different situations:
LOS, NLOS, and Multipath. The MAE numbers show how
far off the average range estimate is, and the STD shows
how much these readings can change or be incorrect.
The MAE for the Multipath condition was moderate and
slowly increased from 0.093 to 0.15 m. The standard devi-
ation ranged from 0.025 to 0.027 m. This indicates that the
error level was average and the variability was low. This
study shows the strength of the LOS ranging, the difficul-
ty of working in NLOS conditions, and the insignificance
of multipath effects. This information can help improve
range estimation algorithms in different situations.

4.2.2. Feature Statistic Analysis

The SNR boxplot analysis of 16,000 samples in Fig. 7
showed LOS and NLOS with high noise medians of 248
and 276, overlapping ranges of 220-304 and 192-356,
and variabilities of 25-30 dBm and 35-40 dBm, respec-
tively, because of identical interference. The MP, which
has a median of 124, a limited range of 104 to 144, and
low variability of 10 to 15 dBm, shows that interference
is managed. Noise is a useful tool for isolating MP be-
cause of its clear difference from NLOS, but only a lim-
ited distinction between the two.

The line and box graphs of the CIR data show that
the complexity is increasing (LOS < MP< NLOS). The
line plot (0-16,000 indices) shows NLOS (>30,000, up to
50,000), MP (25,000-35,000), and LOS (<25,000). There
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is some overlap between the MP and NLOS. The box-
plot shows that the medians are 22,183 (LOS), 29,440
(MP), and 30,036 (NLOS), with NLOS exhibiting more
variability (>38,000 outliers).

The FPPower boxplot shows that UWB systems have
different propagation characteristics compared to oth-
ers. LOS had the greatest median FPPower at -77.17
dBm, and NLOS had the lowest median at -91.68 dBm.
This shows that there is a significant amount of attenu-
ation in the NLOS. MP has a median of -78.78 dBm, a
broader range, and more, which demonstrates both di-
rect and reflection effects. The clear distinction (with a
small MP-NLOS overlap) shows how well FPPower can
differentiate between things, which is why it is used in
high-accuracy (>99%) classification models.

The RXPower boxplot analysis shows the differences
between the classes. The median for MP was -51.31
dBm, with a range of -56.03 to -50.93 dBm and substan-
tial variability of 2-3 dBm. This is because of the mul-
tipath enhancement. The LOS has a consistent median
of -57.68 dBm, a small range, and very little variability,
which shows direct circumstances. NLOS has the lowest
median at -58.00 dBm and minimal variability, which
indicates that the signal is blocked. A clear separation
between MP and a small overlap between LOS and
NLOS shows that RXPower can differentiate between
MP, but not as well as FPPower.

4.2.3. Training, Validation, and The Best
Model in Accuracy and Complexity

The final stage in producing the dataset was to com-
bine 16,000 LOS raw data samples, 16,000 NLOS raw
data samples, and 16,000 multipath raw data samples
into one set of 48,000 pre-processed data points. Sub-
sequently, the dataset was split into training and test-
ing sets, with a test size ratio of 0.1 (10%). The analysis
based on accuracy and complexity is shown in the per-
formance graph in Fig. 8 and the learning curve in Fig. 9.

LR and LDA, on the other hand, have median accura-
cies that are lower, between 0.84 and 0.85. They may
also have lower-end outliers, which means that linear
models cannot fully capture the nonlinear complexity of
features such as FPPower and CIR in the UWB dataset.
LR and LDA learning curves demonstrate underfitting
characteristics, evidenced by consistently low validation
scores and minimal gaps. This indicates the constraints
of linearity and Gaussian assumptions in capturing com-
plex nonlinear feature interactions, particularly the sig-
nificant correlation between Range and FPPower.

Naive Bayes exhibits underfitting because of breach-
es in the feature independence assumption. The me-
dian accuracy of NB is between 0.85 and 0.86, which
means that the data are slightly more spread out. SVM,
on the other hand, is approximately 0.95% accurate on
average, which means that it can be used in many dif-
ferent scenarios.
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Fig. 8 illustrates the performance of the LR, SVM, NB,
KNN, RF, GB, and LDA classification models on the LOS,
NLOS, and Multipath datasets after five rounds of cross-
validation (5-fold CV). RF and GB are near the top, with
median accuracies close to or higher than 0.99. The
boxes are not very wide; therefore, there is not much
variance, and there are no large outliers.

SNR Distribution

CIR Distribution

Thisimplies that the predictions regarding the spread
of signals are quite accurate.

KNN also performed well, with median accuracies of
approximately 0.98-0.99. There may be some outliers
on the lower end, however, because it is sensitive to
how far apart neighbors are in data distributions that
are not even.
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The learning curves in Fig. 9 illustrate the model be-
havior patterns that indicate the trade-off between
bias and variance, along with the generalization ca-
pability across datasets characterized by LOS, NLOS,
and MP class distributions. KNN indicates a slight local
overfitting that is manageable, whereas RF and Gradi-
ent Boosting consistently deliver superior performance
by utilizing aggregation and boosting techniques that
effectively minimize variance and residual bias. These
patterns indicate that nonlinear ensemble methods are
the most dependable for classifying complex UWB sig-
nal propagation conditions.
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Fig 9. Model Performance accuracy vs Inference Time

In contrast, nonlinear models such as KNN, RF, and
GB demonstrated significantly enhanced generaliza-
tion performance, with validation scores nearing 0.98-
0.99 and minimal discrepancies, along with low stan-
dard deviations (<0.02) that reflect stable performance
estimates. KNN indicates a slight local overfitting that
is manageable, whereas RF and Gradient Boosting
consistently deliver superior performance by utilizing
aggregation and boosting techniques that effectively
minimize variance and residual bias. These patterns in-
dicate that non-linear ensemble methods are the most
dependable options for classifying complex UWB sig-
nal propagation conditions.

The statistically significant differences in the median
values between the models, especially between the
linear and ensemble-based models, show that RF and
GB are the best choices for UWB categorization. How-
ever, linear models may not perform well. This can be
resolved by either using nonlinear methods or provid-
ing more information.

Inference time is a real-world method for measur-
ing the complexity of a model [36, 37]. Inference time
is the time required for a trained machine learning
model to predict new input data. Models with more
complex structures or computations, such as deep or
ensemble architectures, usually require more time to
make predictions because they have more parameters,
layers, or operations. Simpler models, like linear clas-
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sifiers, on the other hand, often make inferences faster
but don't represent as much information. By compar-
ing the accuracy and inference time of each model,
we can determine which model is optimal in terms of
complexity and accuracy. Models with low complexity
and high accuracy are particularly useful when applied
to resource-constrained environments or real-time po-
sitioning, where latency is critical. Inference time mea-
surements reflect not only the computational cost but
also the scalability, applicability, and responsiveness of
each model.

LR, SVM, NB, KNN, Random Forest, Gradient Boosting,
and LDA were used on the UWB dataset to figure out
what kind of propagation conditions there were: LOS,
NLOS, or multipath. Fig. 7(b) shows the balance be-
tween the accuracy of the model and the time required
to make an inference. RF is an excellent example of how
ensemble bagging can help models perform better
on new data. It is approximately 0.997% accurate and
takes approximately 0.003 seconds to make a guess. It
also works well to lower the variance in features such
as FPPower and RXPower, which have strong negative
correlations (r =-0.98 with Range).

KNN has very strong non-parametric decision bound-
aries, with an accuracy of 0.994 and a time of 0.045 s.
However, it takes longer to determine things because
it must determine distances in a space with many di-
mensions. GB ranked second with an accuracy of 0.991
and an inference time of 0.002 s. Sequential boosting
reduces bias in situations with more than one path.

SVM achieved a high accuracy of 0.95, but the re-
sulting inference time was quite long compared with
those of GB and RF. Meanwhile, models with low ac-
curacy, such as LR, NB, and LDA, showed underfit-
ting; therefore, these models are not recommended.
Linear-based models produce less accurate discrimi-
nation between LOS, NLOS, and Multipath classes be-
cause they do not consider the nonlinearities in the
characteristics of the UWB signal dataset.

Therefore, a trade-off occurs in datasets with cor-
related features, such as SNR and RX Power, so a fast
inference time leads to high deviations.

5. CONCLUSION

The development of the PFS-REM dataset provides a
compact and representative data foundation for iden-
tifying LOS, NLOS, and multipath signal propagation
conditions in ultra-wideband (UWB)-based localization
systems. The PFS—-REM method applied to the dataset
effectively reduced feature dimensionality while signif-
icantly maintaining the classification model accuracy.
The results of the feature characterization analysis re-
vealed consistent differences in the propagation pat-
terns across the LOS, NLOS, and multipath classes. This
demonstrates the strong discriminatory capabilities of
the dataset, resulting in accurate models.
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The optimal models with low complexity but high
accuracy are RF and GB, which achieve an accuracy
exceeding 99%. The findings of this study confirm that
the PFS-REM-based approach is a practical solution for
reducing complexity while maintaining high accuracy
and efficiency in UWB indoor positioning, particularly
when implemented for real-time applications and re-
source-constrained devices.

Further research should focus on developing a data-
set that addresses obstacle material types, multipath
corridor widths, and antenna direction. Furthermore,
exploration of each feature, such as feature extraction,
could be conducted to identify patterns that can gen-
eralize the dataset to indoor conditions. The proposed
model implementation in this study could be applied
to edge computing, and its performance could be ob-
served in positioning and tracking applications in the
future.

REFERENCES

[11 X.You, D.Tian, C. Liu, X. Yu, L. Song, “Vehicles po-
sitioning in tunnel: A real-time localization system
using DL-TDOA technology”, Journal of Internet
Technology, Vol. 22, No. 5, 2021, pp. 967-978.

[2] K.Mascher, M. Watzko, A. Koppert, J. Eder, P. Hofer,
M. Wieser, “NIKE BLUETRACK: Blue Force Tracking
in GNSS-Denied Environments Based on the Fu-
sion of UWB, IMUs and 3D Models” Sensors, Vol.
22, No. 8,2022.

[3]1 W. Shule, C. M. Almansa, J. P. Queralta, Z. Zou, T.
Westerlund, “UWB-Based Localization for Multi-
UAV Systems and Collaborative Heterogeneous
Multi-Robot Systems’, Procedia Computer Sci-
ence, Vol. 175, 2020, pp. 357-364.

[4] C.Lian,S.Referent, |.Ulrich, R. Korreferent, I. U. Wit-
kowski, “Bidirectional UWB Localization with Rig-
orous Sectoral Evaluations”, arXiv:2302.07706v2,
2023.

[5] Itu-r, “Impact of devices using ultra-wideband
technology on systems operating within radio-
communication services SM Series Spectrum

http://www.itu.int/ITU-R/go/pat-

ents/en (accessed: 2025)

management’,

[6] N.EI-Sheimy, Y. Li,“Indoor navigation: state of the
art and future trends’, Satellite Navigation, Vol. 2,
2021,p.7.

[71 J. Kunhoth, A. G. Karkar, S. Al-Maadeed, A. Al-Alj,
“Indoor positioning and wayfinding systems: a

Volume 17, Number 4, 2026

[10]

[11]

[14]

[15]

survey’, Human-centric Computing and Informa-
tion Sciences, Vol. 10, 2020, p. 18.

G. I. Hapsari, R. Munadi, B. Erfianto, I. D. Irawati,
“Future Research and Trends in Ultra-Wideband
Indoor Tag Localization”, IEEE Access, Vol. 13, 2024,
pp.21827-21852.

G. I. Hapsari, R. Munadi, B. Erfianto, I. D. Irawati,
“Research Trend Topic Area on Mobile Anchor
Localization: A Systematic Mapping Study”, Inter-
national journal of electrical and computer engi-
neering systems, Vol. 14, No. 9, 2023, pp. 959-972.

J.Ninnemann, P. Schwarzbach, O. Michler, “Toward
UWB Impulse Radio Sensing: Fundamentals, Po-
tentials, and Challenges’, UWB Technology - New
Insights and Developments, IntechOpen, 2023.

F. Che, Q. Z. Ahmed, F. A. Khan, P. I. Lazaridis,
“Feature-Based Generalized GaussianDistribution
Method for NLoS Detectionin Ultra-Wideband
(UWB) IndoorPositioning System’, |EEE Sensor
Journal, Vol. 22, No. 19, 2022, pp. 18726-18739.

F. Che, W. Bin Abbas, Q. Z. Ahmed, B. Amjad, F. A.
Khan, P. I. Lazaridis, “Weighted Naive Bayes Ap-
proach for Imbalanced Indoor Positioning System
Using UWB’, Proceedings of the IEEE International
Black Sea Conference on Communications and
Networking, Sofia, Bulgaria, 6-9 June 2022, pp. 72-
76.

H. Yang, Y. Wang, C. K. Seow, M. Sun, M. Si, L.
Huang, “UWB Sensor-Based Indoor LOS/NLOS Lo-
calization With Support Vector Machine Learning’,
IEEE Sensor Journal, Vol. 23, No. 3, 2023, pp. 2988-
3004.

A.S. Syathirah, R. Munadi, G. I. Hapsari, “Enhance-
ment of Accuracy For UWB Indoor Positioning Us-
ing Support Vector Regression”, Proceedings of
the IEEE International Conference on Communi-
cation, Networks and Satellite, Mataram, Indone-
sia, 28-30 November 2024.

Z.Gao, Y. Jiao, W.Yang, X. Li, Y. Wang, “A Method for
UWB Localization Based on CNN-SVM and Hybrid
Locating Algorithm”, Information, Vol. 14, No. 1,
2023.

M. Si,Y.Wang, H. Siljak, C. K. Seow, H. Yang, “A light-
weight CIR-based CNN with MLP for NLOS/LOS

303



[17]

(18]

[19]

[20]

(21]

[22]

[23]

[24]

[25]

304

identification in a UWB positioning system’, IEEE
Communications Letters, Vol. 27, No. 5, 2023, pp.
1332-1336.

C. L. Sang, B. Steinhagen, J. D. Homburg, M. Ad-
ams, M. Hesse, U. Riickert, “Identification of NLOS
and multi-path conditions in UWB localization us-
ing machine learning methods’, Applied Sciences,
Vol. 10, No. 11, 2020.

L. Flueratoru, E. S. Lohan, D. Niculescu, “Self-
Learning Detection and Mitigation of Non-
Line-of-Sight Measurements in Ultra-Wideband
Localization”, Proceedings of the International
Conference on Indoor Positioning and Indoor
Navigation, Lloret de Mar, Spain, 29 November -
2 December 2021.

W. Zhao, A. Goudar, X. Qiao, A. P. Schoellig, “UTIL:
An ultra-wideband time-difference-of-arrival in-
door localization dataset”, International Journal of
Robotics Research, Vol. 43, No. 10, 2024.

Z. Cui, T. Liu, S. Tian, R. Xu, J. Cheng, “Non-Line-
of-Sight Identification for UWB Positioning Using
Capsule Networks”, IEEE Communications Letters,
Vol. 24, No. 10, 2020, pp. 2187-2190.

C. L. Sang, M. Adams, T. Hormann, M. Hesse, M.
Porrmann, U. Riickert, “Numerical and Experimen-
tal Evaluation of Error Estimation for Two-Way
Ranging Methods’, Sensors, Vol. 19, No. 3, 2019,
pp. 24-27.

A.F. Majeed, R. Arsat, M. A. Baharudin, N. M. Abdul
Latiff, A. Albaidhani, “XGBoost Based Multiclass
NLOS Channels Identification in UWB Indoor Po-
sitioning System’, Computer Systems Science and
Engineering, Vol. 49, No. 1, pp. 159-183, 2025.

V. Barral, C. J. Escudero, J. A. Garcia-Naya, R. Ma-
neiro-Catoira, “NLOS identification and mitigation
using low-cost UWB devices”, Sensors, Vol. 19, No.
16,2019.

M. Liu, X. Lou, X. Jin, R. Jiang, K. Ye, S. Wang, “NLOS
Identification for Localization Based on the Ap-
plication of UWB’, Wireless Personal Communica-
tions, Vol. 119, No. 4, 2021, pp. 3651-3670.

Q. Wang et al. “1D-CLANet: A Novel Network for
NLoS Classification in UWB Indoor Positioning
System’, Applied Sciences, Vol. 14, No. 17, 2024.

[26]

(27]

(28]

[29]

[30]

[31]

[32]

(33]

[34]

[35]

S. Wang, N. S. Ahmad, “Robust Classification of
UWB NLOS/LOS Using Combined FCE and XG-
Boost Algorithms”, IEEE Access, Vol. 12, 2024, pp.
151030-151045.

S. Wang, N. S. Ahmad, “Improved UWB-based in-
door positioning system via NLOS classification
and error mitigation’, Engineering Science and
Technology, an International Journal, Vol. 63,
2025.

J. Resti, G. I. Hapsari, R. Munadi, B. Erfianto, I. D.
Irawati, “Feature Selection Using Pearson Correla-
tion for Ultra-Wideband Ranging Classification’,
Jurnal RESTI (Rekayasa Sistem dan Teknologi In-
formasi), Vol. 10, No. 2, pp. 209-217, 2025.

S. Kram, M. Stahlke, T. Feigl, J. Seitz, J. Thielecke,
“UWB channel impulse responses for positioning
in complex environments: A detailed feature anal-
ysis”, Sensors, Vol. 19, No. 24, 2019.

C. Guo, “KNCFS: Feature selection for high-dimen-
sional datasets based on improved random multi-
subspace learning”, PLoS One, Vol. 19, No. 2, 2024.

C. L. Sang, “Identification of NLOS and MP in UWB
using ML (Dataset)’, https://github.com/clian-
sang/ldentification-of-NLOS-and-MP-in-UWB-us-
ing-ML (accessed: 2025)

J. Sidorenko, V. Schatz, N. Scherer-Negenborn,
M. Arens, U. Hugentobler, “Error Corrections for
Ultrawideband Ranging’, IEEE Transactions on In-
strumentation and Measurement, Vol. 69, No. 11,
2020, pp. 9037-9047.

“ESP32-WROVER Datasheet’, www.espressif.com/
en/subscribe (accessed: 2025)

B. Morawska, P. Lipinski, K. Lichy, P. Koch, M. Lep-
lawy, “Static and Dynamic Comparison of Pozyx
and DecaWave UWB Indoor Localization Systems
with Possible Improvements *, Proceedings of
Computational Science - ICCS 2021: 21st Inter-
national Conference, Krakow, Poland, June 16-18
2021.

G. I. Hapsari, R. Munadi, B. Erfianto, I. D. Irawati,
“Accuracy Improvement for Indoor Positioning
Using Decawave on ESP32 UWB Pro with Display
and Regression’, Journal of Robotics and Control,
Vol. 5, No. 3, 2024, pp. 851-862.

International Journal of Electrical and Computer Engineering Systems



[36] R. Manvi, A. Singh, S. Ermon, “Adaptive Inference-  [37] D.Trihinas, P. Michael, M. Symeonides, “Evaluating

Time Compute: LLMs Can Predict if They Can Do DL Model Scaling Trade-Offs During Inference via
Better, Even Mid-Generation”, arXiv:2410.02725, an Empirical Benchmark Analysis’, Future Internet,
2024. Vol. 16, No. 12, 2024.

Volume 17, Number 4, 2026 305






Examination of Breast Phantom Layers Using
UWB Antenna Sensing Technique

Original Scientific Paper

Sonal Patil*

Department of Electronics and Telecommunication Engineering
Ramrao Adik Institute of Technology, Nerul, Navi-Mumbai, India
sonalpatil606a@gmail.com

Khushboo Singh

Department of Computer Science and Design
New Horizon Institute of Technology, Thane, Mumbai, India
khushis7891@gmail.com

Ashwini Naik

Department of Electronics and Telecommunication Engineering
Ramrao Adik Institute of Technology, Nerul, Navi-Mumbai, India
ashwini.naik@rait.ac.in

*Corresponding author

Abstract - Breast cancer is among the most prevalent cancers and is the second leading cause of cancer-related deaths in women
globally. Early detection significantly improves treatment outcomes. Microwave sensing presents a non-invasive, cost-effective, and
patient-friendly alternative, leveraging antenna sensors to detect variations in tissue dielectric properties. This work focuses on the
design and development of a hexagonal ultra-wideband antenna and a breast phantom model to analyze different breast tissue
types. The system comprising the antenna and phantom is modeled using the HFSS simulator and validated through experimental
testing with a VNA. Variations in reflection characteristics are examined, as the microwave signals interact with breast tissues,
revealing their lossy and dispersive nature through absorption, transmission, and reflection behavior. The antenna exhibited strong
resonance across various phantom layers. System validation performed using the VNA indicates a simulated minimum return loss
of -25.83 dB at 7.1 GHz and a measured value of -27.82 dB at 6.2 GHz. The presence of a tumor is identified through variations in

reflection characteristics, and tissue properties such as the Specific Absorption Rate.
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1. INTRODUCTION

Breast cancer remains a leading cause of mortal-
ity among women worldwide, necessitating advanced
diagnostic methods. Traditional imaging techniques
often lack sensitivity in early-stage detection and
may involve invasive or costly procedures. The dis-
ease typically results from genetic mutations and al-
tered gene expression in breast tissue, accounting
for approximately 10% of all newly diagnosed cancer
cases worldwide each year. Early diagnosis is crucial
for improving prognosis of the patient and treatment
outcomes. Although widely used, standard tools like
mammography and X-ray present limitations includ-
ing high false-positive rates, reduced effectiveness in
dense breast tissue, and exposure to ionizing radiation.
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MRI offers detailed imaging, particularly for patients
with implants, but remains prohibitively expensive.
Ultrasound aids in monitoring tumor progression and
identifying various carcinoma types; however, its abil-
ity to detect small lesions is limited [1-4]. Microwave
sensing provides a non-invasive and cost-effective ap-
proach to tumor detection, eliminating both ionizing
radiation exposure and the need for breast compres-
sion. By assessing the electrical properties of biologi-
cal tissues, it enhances detection accuracy, enables
identification of small lesions, improves patient com-
fort, and reduces diagnostic errors. Microwave sensor
arrays and biosensors play a vital role in breast imag-
ing systems by improving cancer detection, enhancing
image resolution, and enabling label-free diagnostics.
These technologies offer distinct advantages over con-
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ventional imaging methods [5, 6]. Conventional imag-
ing modalities such as X-ray, MRI, and ultrasound have
limitations in early breast cancer detection. An emerg-
ing solution is microwave sensing, which is valued for
its safety, affordability, and patient comfort. Cancerous
tissues exhibit higher permittivity, leading to increased
microwave scattering, thereby making this method ef-
fective for detecting abnormalities. Antennas are key
components in microwave sensing systems, with sin-
gle-element sensors having omnidirectional radiation
patterns that offer enhanced sensitivity, coverage in
dense tissues, and simplified, cost-efficient system de-
signs. Microwave sensing detects breast abnormalities
by leveraging the contrast in dielectric properties be-
tween healthy and malignant tissues, as normal breast
tissue is more transparent to microwaves, whereas tu-
mors are more lossy due to higher fluid content. This
study investigates the dielectric characteristics of vari-
ous breast tissues by examining reflection responses
using a microstrip antenna, extending the analysis of
the antenna model presented in [7]. A hexagonal patch
antenna and a heterogeneous breast phantom are
proposed to evaluate the resonant behavior of breast
layers across ultra-wideband frequencies. The structure
of this work is as follows: Section 2 describes related
work, Section 3 details antenna design and fabrication;
Section 4 describes the breast phantom model and its
construction; Section 5 presents experimental obser-
vations; and Section 6 concludes the study.

2. STUDY OVERVIEW

The tissue dielectric properties change after excita-
tion due to temperature, dehydration, and ischemia,
eventually stabilizing over time. In-vivo cancerous
tissues exhibited higher dielectric values than ex-
vivo samples, or Electrical Impedance Tomography
measurements, although sample variability limits
firm conclusions. Breast tumor detection depends on
factors like tumor size and tissue permittivity, with
interdependent effects— for example, return loss de-
creases with higher fibro permittivity but increases
with greater skin and fat conductivity [8-10]. Ultra-
wideband (UWB) and ultrasonic networks have the
potential to transform in-body and near-body medi-
cal communications. Compared to traditional wireless
systems, UWB provides higher data transfer speeds,
lower power consumption, and enhanced security [11,
12]. Advanced UWB antennas—including open-mouth
cut flower, bi-directional tapered slot, and inverted-
F planar patch designs—have been developed. The
incorporation of hard surface H-resonator arrays sta-
bilizes radiation patterns, while combined single and
circular complementary split ring resonators enable
band rejection. Various human-body-compatible sub-
strates were evaluated, however, the structures remain
large and intricate [13, 14]. A multi-band antenna us-
ing FR-4 and RT-Duroid substrates with a defective
ground structure demonstrated enhanced gain, band-
width, and return loss; however, substrate thickness
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constrained its use in compact designs [16]. The planar
octagonal UWB antenna, with circular slots in the ra-
dome and quarter-elliptical slots in the ground plane,
achieves wide bandwidth while maintaining stable
radiation characteristics [17]. Breast cancer detection
was demonstrated using UWB antennas with patch
configurations in dodecagon, square ring, circular, and
hexagonal shapes; however, only simulated results
were reported [18-24]. The Vivaldi antenna was used to
classify breast tumors through microwave imaging. A
4 x 1 MIMO antenna array with elliptical patches was
designed to operate across the ultra-wideband range
and provide omnidirectional radiation. However, two
of the reported antenna designs are found to be rela-
tively large in size [25, 26]. Breast phantom design and
fabrication are critical for system validation. Phantoms
with fatty, skin, glandular, and tumorous layers are pro-
duced using common chemical mixtures. A technique
integrating these tissues into a model accurately repli-
cates physiological structure and dielectric properties.
The materials exhibit durability and osmosis resistance,
enabling fabrication of homogeneous and heteroge-
neous phantoms without compromising geometry or
dielectric behavior. These phantoms are utilized for
breast lesion detection and imaging in both narrow-
band and ultra-wideband frequencies [27, 28]. Hybrid
machine learning and deep learning approaches have
advanced breast cancer diagnosis. HH-AUSVM and fea-
ture selection achieved up to 97.97% accuracy, while
the MI-CS-SBS/SFS-SVM model reached 99.5%. LSTM
variants like HVSSFFLSTM showed strong performance,
and FCM-based segmentation achieved high precision,
with adaptability to other medical conditions. These
complex models require GPU resources and involve
high computational time, limiting their applicability for
real-time use [29-32].

3. ANTENNA DESIGN

3.1. MICROSTRIP ANTENNA GEOMETRY

Microstrip patch antennas are highly attractive due
to their compact size and lightweight design, making
them well-suited for short-range applications. Con-
ventional rectangular and circular patch antennas
designed for the UWB spectrum typically resonate at
a single frequency but offer limited bandwidth. These
limitations render them inadequate for modern com-
munication systems in their current form. To address
these constraints, the antenna design is progressively
modified into a hexagonal configuration. This design
features a hexagonal patch on one side of the dielec-
tric substrate and a ground plane on the opposite side.
The simple structure of the microstrip antenna (MSA)
makes it ideal for medical applications. Here, the design
of a hexagonal microstrip antenna (HMSA) for UWB
applications, as discussed in [7], is fabricated on a di-
electric substrate made of double-sided copper flame-
retardant epoxy glass composite. The HMSA structure
is modeled and simulated using Ansys HFSS antenna
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design software. The antenna is designed with a center
frequency of 6.85 GHz, corresponding to a wavelength
of 43.796 mm, enabling effective operation across the
ultra-wideband spectrum from 3.1 GHz to 10.6 GHz.

The dielectric substrate of size 39.96 mm x 38.52 mm
is made up of FR4 material with a thickness of 1.59 mm,
a loss tangent of 0.02, and a relative permittivity (¢;) of
4.4. Fig. 1 illustrates the antenna design, with detailed
dimensions provided in Table 1.

The geometry of this compact design is straightfor-
ward and easy to fabricate. The HMSA is fabricated on
an FR4 glass epoxy dielectric substrate measuring 40
mm X 40 mm. Printed technology is used to etch the
metallic components, including the radiating patch,
feed line, and ground plane. A 50 Q coaxial probe feed
supplies the structure, with an SMA connector used for
connections. Fig. 2 shows the fabricated hexagonal mi-
crostrip patch antenna from both front and rear views.

Table 1. Design dimension details of HMSA

Parameter SW SL h
Dimension (mm) 39.96 38.52 1.59
+ SW >
Y
PW
PL SL
K
—» «—FLW
v
(a)
- SW >
-
SL
GL
v
(b)

Fig. 1. Antenna Geometry of HMSA, (a) front
perspective, (b) back perspective

(b)

Fig. 2. Fabricated HMSA structure, (a) front
perspective, (b) back perspective
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The prototype was tested using a Vector Network Ana-
lyzer (model N9916A) to validate the results. The HMSA
antenna exhibits a return loss below —10 dB, a VSWR be-
low 2 across the frequency range of 3.1 GHz to 10.6 GHz,
and a peak gain of 5.3 dB. Fig. 3 presents the reflection
response of the HMSA based on both HFSS simulations
and VNA measurements of the prototype. Fig. 4 presents
gain variations of the antenna structure.
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3" a-iﬁ':
§ 1
= -20
s
St
=
S -30 -
~
-40 P e 0 T R e b [ L 8- LB L L]
3 4 5 6 7 8 9 10 1
Frequency [GHz]
Fig. 3. Return Loss of Proposed Antenna
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Fig. 4. Gain Variations of Proposed Antenna

4. BREAST PHANTOM

Phantoms are artificial replicas of body parts or organs

designed to mimic the physical and structural character-
istics of their biological counterparts. Breast phantoms
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can be fabricated with varying tissue compositions to
represent different tissue types. By accurately repro-
ducing the three-dimensional distribution of adipose
tissue layers, the breast model effectively simulates the
properties of these tissues for microwave-based applica-
tions. The dielectric behavior of tissues is characterized
by their permittivity and conductivity, with each breast
layer exhibiting distinct lossy and dispersive properties.
Layer 1 is the outermost skin layer. Layer 2 consists of
fat or adipose tissue surrounding the glandular tissues.
Layer 3 comprises glandular tissue, including milk ducts.
Layer 4, shown in Fig. 5, represents tumor cells typically
found in the lactiferous ducts and lobular membranes.
Human breasts are classified as either homogeneous or
heterogeneous based on tissue composition.
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|
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| |
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: : . [ Layer \
| |

|

|

I |

|
|
|
|
I 1
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| ‘ Tumor—».

b Skin Layer '

-
N

(a) (b)

Fig. 5. Design Model of the Proposed
Heterogeneous Breast Phantom (a) top perspective,
(b) side perspective

4.1. MODEL DESIGN

The heterogeneous breast phantom consists of four
distinct layers and is designed using Ansys HFSS software.

The design employs the single-pole Debye model to
analyze tissue responses to frequency variations based
on the dielectric properties of breast layers. The single
pole Debye dispersion model is expressed as,

Es~ €0

&(0) = €0+ 755 M

(85— £00)w?T0

1+ w272

0. (@) = + o, 2)
where,

& - Complex permittivity,

g,- Free space permittivity,

&, - Static dielectric constant,

g, - Dielectric constant at infinity,

o, - Static conductivity,

T - Pole relaxation constant,

w - Angular frequency

310

The breast model has a diameter of 40 mm, with a
2 mm thick skin layer, a 10 mm thick fatty layer, and a
28 mm thick glandular layer. The proposed antenna is
used to evaluate the electrical characteristics across
these breast tissue layers. Fig. 5 illustrates both the top
and side views of the heterogeneous breast phantom
design. The dielectric properties used for modeling
each layer are based on frequency-dependent values,
as summarized in Table 2. A5 mm tumor is embedded
in the glandular layer at a depth of 35 mm from the
antenna center. The spacing between the antenna and
the breast model is maintained at to 0.5 mm.

Table 2. Dielectric Properties of Breast Layers

Layer & £oo o (S/m) T (ps)
Skin 4 37 1.10 7.37
Fat 6.57 16.29 0.262 7.00
Gland 47 76.31 0.46 7.00
Tumor 65 70 4 7.00
4.2. Phantom Materials

The heterogeneous breast phantom comprises four
layers: skin, fat, glandular tissue, and an embedded tu-
mor. Various materials cited in the literature are used to
replicate breast tissue. For fabrication, the selected ma-
terials include safflower oil, distilled water, propylene
glycol, agar-agar gelatin powder, formalin (37% form-
aldehyde solution), xanthan gum, and liquid detergent.
Propylene glycol and safflower oil provide low conduc-
tivity, while distilled water increases permittivity. Xan-
than gum acts as a thickener and, along with liquid de-
tergent, serves as a surfactant. Formalin helps determine
the melting point of agar-agar and stabilizes the phan-
tom. Agar-agar gelatin mixtures offer dielectric proper-
ties similar to real breast tissue and are easy to fabricate
with good mechanical strength. Despite varying chemi-
cal concentrations across layers, these materials simplify
the phantom fabrication process. The specific composi-
tions used are provided in Table 3, as referenced in [28].

Table 3. Material Composition for Heterogeneous
Breast Phantom

. Quantity
Material )
Skin Fat Gland Tumor
Distilled water (ml) 80 40 80 100
Safflower oil (ml) 14 39 21 7
Propylene glycol (ml) 7 2 7 7
Agar-agar gelatin (g) 7 8 6 12
Formalin (ml) 0.30 0.30 0.30 0.30
Xanthum gum (g) 2.5 2.5 2.5 2.5
Liquid detergent (ml) 0.30 0.30 0.30 0.30

4.3. FABRICATION STAGES

The phantom is constructed using identical base ma-
terials for all layers, with their specific concentrations de-
tailed in Table 3. Fabrication begins by mixing distilled
water and propylene glycol and, heating the solution in
a double boiler at 90°C-100°C. Agar-agar gelatin powder
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is then gradually added until fully dissolved. In a sepa-
rate bowl, safflower oil is mixed with surfactants (xan-
than gum and liquid detergent) and formalin (37% form-
aldehyde solution), then combined with the heated so-
lution. Once the color changes, the mixture is removed
from heat, stirred to avoid air bubbles, and cooled to
25°C before being poured into a mold and refrigerated
overnight. To form the skin layer, a second bowl is placed
2 mm inside the first. After the mixture solidifies, the in-
ner bowl is removed. The fatty layer is formed by plac-
ing a third bowl at a 20 mm radius from the outer bowl,
resulting in an 18 mm thick layer. The glandular layer is
then poured into the remaining space to form a 20 mm
thick section, using the specified chemical composition.
Two 5 mm diameter straws are inserted to simulate tu-
mor regions. A pinch of different food color is added to
the mixture to differentiate the layers visually. Fig. 6 illus-
trates the fabrication steps and the final heterogeneous
breast phantom with an embedded tumor.

Fig. 6. Fabrication stream for Heterogeneous Breast
Phantom, (a) Skin Layer, (b) Fatty Layer, (c) Gland Layer,
(d) Breast Phantom without Tumor, (e) Provision to
embed tumor, (f) Breast Phantom with Tumor

5. RESULT ANALYSIS

The principle of microwave sensing for breast lesion
detection relies on the dielectric properties of tissues.
Tumorous regions exhibit a significant dielectric con-
trast compared to normal breast layers. Radiation emit-
ted from the antenna sensor propagates through the
breast, interacting with each tissue layer.

To accurately represent the electrical behavior of
breast tissues, their dispersive nature must be consid-
ered, as they actas lossy and dispersive media for micro-
wave propagation. The interaction of microwaves with
these biological tissues results in absorption, transmis-
sion, and reflection. The system model, comprising the
antenna sensor and breast phantom, was validated us-
ing a Vector Network Analyzer (VNA), model N9916A.
The reflection characteristics were recorded over three
separate trials conducted within one week. The results
from HFSS simulations were compared against the av-
erage values obtained from VNA measurements.
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Figs. 7 to 10 show the reflection characteristics versus
frequency for both the simulated and fabricated struc-
tures, focusing on the skin, fatty, and glandular layers
of the breast model. The results indicate that tumorous
tissues absorb more electromagnetic energy than nor-
mal tissues due to their lossy and dispersive dielectric
properties. Consequently, the tumor layer exhibits the
highest return loss, underscoring a significant differ-
ence in reflection behavior between healthy and can-
cerous breast tissues.
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Figs. 11 and 12 display the reflection characteristics of
the system model, comprising the antenna and breast
phantom, both with and without a tumor. A noticeable
change in the reflection coefficient is observed, with the
tumorous model showing higher return loss, allowing
clear distinction from the healthy model. These breast

phantoms provide a robust and adaptable platform for
testing. The simulated structure exhibits a minimum S11
of —25.83 dB at 7.1 GHz, whereas the measured structure
records —27.82 dB at 6.2 GHz. A performance compari-
son between the proposed phantom and similar models
from the literature is provided in Table 4.

Table 4. Comparison with Existing Research

Antenna Size ey Bandwidth ooy
Ref. No. Antenna Configuration Antenna Gain (dB) Coefficient S11
(mm2) (GHz)
Sensors (dB)
Bi-Directional Tapered Slot Antenna for Imaging and
7] UWB Applications 48 x 55 Not Reported 3.4-395-6 28 (5.6 GHz)
Octagonal MSA with a Circular Slot, fed by a Tapered
[22] Strip Line, and an Elliptic Geometry Slot at Ground 70 x 60 - 3.8 25-18 -41 (6.8 GHz)
with reduced RCS for UWB Applications.
X . -12.73 (2.876 GHz)
[24] Circular Patch Antenna for Breast Cancer Detection ~ 48.46 x 42.46 1 2453 25-34 -8.43 (2.36 GH2)
[26] Hexagonal MSA for Breast Cancer Detection 25%20 1 Not Reported ~ 3.1-10.6 -21.72 (5.6 GHz)
|-shaped Rectangular MSA with Two C-Slotted
[271 Parasitic Elements for Imaging Systems for Breast 40 x 30 1 2.45 49-7.89 -37 (8 GHz)
Cancer Detection.
28] Rectangulz?r MSA for Breast Tumor Detfectlon using 205% 106 1 241 3.18 19 (4.8 GH2)
Microwave Radar-Based Imaging.
[29] Vivaldi Antenna W|th a Circular Hollographlc 56 %56 5 Not Reported 04-64 Not Reported
Structure for Microwave Imaging1
Four-Element, Elliptical-Shaped MIMO Antenna with
[30] Stubs on either side of the Ground for High Isolation 71.5%x 16 4%2 5.6 32-14 -22(10.5 GHz)
in Breast Cancer Detection.
Proposed Simple Hexagonal MSA with Breast Phantom for -25.8343 (7.1 GHz)
Antenna Inspection of Breast Tissues. LGS t 22 Sl ee -27.8247 (6.2 GHz)

10 ] Breast Phantom
— With Tumor
0 — Without Tumor

-10.00
Return Loss [dB]
-

(]

=30 T
3 4 5 6 7 8 9

Frequency [GHz]

e
10 11

Fig. 11. Simulated S11 of Heterogeneous Breast

10 1 Breast Phantom with Tumor
— Simulated
0] — Measured

-10.00
Return Loss [dB]
-
=)

|

[

=]
|

&
e

3 4 5 6 7 8 9 10 11
Frequency [GHz]

Fig. 12. Simulated Vs Measured of Heterogeneous
Breast Phantom

312

The Specific Absorption Rate (SAR) is a metric that
quantifies the rate at which electromagnetic energy
emitted from a device is absorbed and converted into
heat within a specific volume of human tissue.

Specific Absorption Rate is given by,

sar -2 1B 3)
o

where, SAR - Specific Absorption Rate (W/kg),
o - conductivity (S/m),
p - the mass density (kg/m3).

Tumorous tissues absorb more incident microwave
energy than normal tissues. This absorption, measured
as the SAR, serves as a useful indicator for detecting ma-
lignant tissues.

Fig. 13 illustrates the SAR distribution in the breast
phantom for both healthy and tumorous tissues.

The SAR value is higher in tumorous regions due to
greater absorption of electromagnetic energy.
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Fig. 13. SAR of Heterogeneous Breast Phantom
(a) Healthy Breast, (b) Tumorous Breast

6. CONCLUSION

A hexagonal patch UWB antenna was fabricated on
a double-sided copper FR4 epoxy glass substrate and
tested using a Vector Network Analyzer (VNA) model
N9916A. The HMSA antenna, designed in Ansys HFSS
for a center frequency of 6.85 GHz (A = 43.796 mm), was
optimized for minimal return loss across the UWB spec-
trum, achieving a peak gain of 5.3 dB. It was employed
to characterize the various tissue layers of a heteroge-
neous breast phantom, which comprised skin, fat, glan-
dular, and tumor tissues. The phantom was modeled in
HFSS and fabricated using a mixture of safflower oil,
distilled water, propylene glycol, agar-agar gelatin, for-
malin, xanthan gum, and liquid detergent—selected
for their ability to replicate realistic dielectric proper-
ties and maintain structural integrity. The antenna
demonstrated strong resonance when interacting with
different phantom layers. System testing with the VNA
showed a simulated minimum return loss of —25.83 dB
at 7.1 GHz and a measured value of -27.82 dB at 6.2
GHz. Tumor presence was identified through changes
in reflection characteristics, and tissue properties such
as the Specific Absorption Rate (SAR) were analyzed.
Additionally, tumor localization was achieved by iden-
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tifying regions of maximum power absorption. The in-
tegration of machine learning algorithms can further
improve the accuracy of tumor detection.
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1. INTRODUCTION

The rapid growth of multimedia technologies and 5G
has encouraged significantly greater demand for high-
resolution content, such as 4K/8K videos and virtual re-
ality videos [1]. This demand has already outgrown the
efficiency of conventional codecs, including Advanced
Video Coding (H.264/AVC) and High Efficiency Video
Coding (H.265/HEVC), and requires more effective
video compression solutions [2]. The new video cod-
ing standard VVC, released in July 2020, is more flexible
and efficient compared to HEVC [3]. In VVC, a coding
unit and coding tree unit are partitioned by using the
QTMT (Quadtree with Nested Multi-Type Tree) struc-
ture of a versatile quadtree. The QTMT structure utilizes
five distinct split patterns: binary vertical and horizon-
tal, ternary vertical and horizontal, and quaternary. This
enables better video compression and stronger adapt-
ability to diverse content types and scenes than ever
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[4]. The MTT structure has used four kinds of splits: ter-
nary vertical (TV), ternary horizontal (TH), binary verti-
cal (BV), and binary horizontal (BH) [5]. In this system,
the binary splits equally divide the coding blocks into
two halves, while the ternary splits divide them into
three segments of a 1:2:1 ratio. With the QTMT struc-
ture of this VVC, the flexibility enables the coding block
to vary in shape and size according to the texture and
content features of the video that is being encoded.

The QTMT partitioning model in VVC is designed to
ensure the size and shape of the coding blocks based
on the texture characteristics of the content. AVVCluma
CTU supports a luma coding tree unit having a largest
possible dimension of 128 x 128 pixels. By default, the
CTU acts as the root node of a quadtree, from which
CUs are derived through quadtree-based partitioning.
The VVC test model (VTM) determines the rate-distor-
tion (RD) cost for each possible partitioning mode and
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chooses the one with the lowest possible value in the
rate-distortion optimization (RDO) procedure. As shown
in Fig. 1, the evaluation order is no split (NS), quad-tree
(QT), binary horizontal (BH), binary vertical (BV), ternary
horizontal (TH), and ternary vertical (TV). The cost of RD
is calculated using a designated formula.

J=D+AB (1)

In equation (1), D represents the sum of absolute dif-
ferences between the original and reconstructed cod-
ing units, B is the bit count for the presently selected
mode, and A denotes the Lagrangian multiplier.

MTT PATTERNS

...................................................................

------------ BV | TH

T i e

Fig. 1. Evaluation order of QTMT Structure

The QTMT structure in VVC improves intra cod-
ing performance but adds computational complex-
ity. VVC intra-coding is significantly slower than HEVC,
and its encoding duration is about 31 times longer,
but the disabled multi-type tree (MTT) partitioning
can reduce the encoding time by 83% [6]. This high
complexity hampers VVC's practical use. Since many
CUs have recognizable texture features and partition
trends, predicting these patterns early could reduce
the encoding time without affecting quality. We pres-
ent a QTMT partitioning approach that uses the Scharr
operator and subblock edge comparison to compute
gradients. These gradients classify coding units into
simple or complex textures. For simple textures, parti-
tioning terminates early, while complex textures follow
our proposed partitioning method. Gradient informa-
tion thus predicts vertical and horizontal splits, while
subblock comparisons determine if the ternary tree
partitioning can be avoided. The proposed algorithm
achieves a 45.79% time savings with a mere increase
of 1.23% regarding Bjontegaard Delta Bitrate (BDBR).
Compared to other state-of-the-art fast CU partitioning
algorithms, the contributions of the proposed method
can be summarized as follows:

1. The Scharr operator is used to compute the gradi-
ent that will allow for fast decision-making about
partitioning and can prevent a partition from split-
ting vertically or horizontally.

2.  We utilize the dissimilarity feature to decide wheth-
er to skip the ternary tree structure or to apply the
specific partition. As our proposed method uses
only two features, it is computationally efficient.

3. Traditional deep learning and machine learning
methods require large training datasets. These
models usually have limited adaptability and may
need to be retrained separately for coding units of
different sizes.
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This paper is structured in five main sections. Section
2 provides a summary of previous research on reducing
VVCintra prediction complexity. Section 3 explains the
suggested fast QTMT partitioning technique. Section
4 discusses the experimental outcomes, and Section 5
concludes the paper with final remarks.

2. RELATED WORKS

Multiple approaches have recently been introduced
to decrease the amount of computation associated
with decisions on the size of VVC encoder CUs. These
methods seek to maintain high compression per-
formance while maintaining the trade-off between
computational cost and encoding efficiency. In [7], a
block-level Canny edge detector was utilized to derive
the edge characteristics, allowing the exclusion of spe-
cific vertical or horizontal partition modes. An efficient
intra partitioning algorithm was introduced in [8] for
VVC using variance of sub-CUs and Sobel-based gradi-
ent features, where smooth areas are early terminated
from further splitting. An early termination technique
for CU partitioning, based on four directional gradients
at 0, 45, 90, and 135 degrees, was proposed in [9]. An
advanced fast intra mode selection technique for VVC
was presented in [10] that employs two strategies: sort-
ing modes according to costs of the rough mode deci-
sion (RMD) method and decreasing candidate modes
by examining correlations with neighboring blocks.
Based on this sorted order, an early termination tech-
nique is used to stop the prediction mode decision-
making process, therefore lowering coding complexity
without increasing processing cost. In [11], the utiliza-
tion of the gradient computed by the Sobel operator
serves as a criterion to determine whether to initiate QT
partitioning. If division is considered unnecessary, sub-
sequent sub-CU variance calculations are performed.
A partition is selected from a pool of five candidate
QTMT partitions. This optimization approach produced
a statistically significant reduction in encoding time. An
efficient early intra-CU partitioning technique for VVC
is presented in [12], where the distortion is calculated
as the difference between the original and predicted
luminance pixels. Two decision models for premature
termination of multi-type tree partitions are developed
using this distortion, which minimizes insignificant
calculations. Then, depending on particular needs, a
tunable decision model is used, providing flexibility to
determine a compromise between coding efficiency
and computational complexity. A computationally ef-
ficient intra coding algorithm with two main compo-
nents: fast CU partitioning decision and fast intra mode
selection was introduced by [13]. The CU partition de-
cision employs a Bayesian-based method to bypass
vertical splits and enhance accuracy by merging mul-
tiple feature eigenvectors. The Limit-Broyden-Fletcher-
Goldfarb-Shanno(L-BFGS) approach is used in the intra
mode selection to decrease the Rough Mode Decision
(RMD) and Rate Distortion Optimization (RDO) compu-
tations. An optimized CU partitioning technique is pre-

International Journal of Electrical and Computer Engineering Systems



sented in [14], which uses the sum of mean absolute
deviation (SMAD) to quantify and compare horizontal
and vertical texture complexities, therefore reducing
unlikely partition modes. The quantization parameter
(QP) will be used to dynamically adjust the thresholds
of directional SMAD ratios for better prediction. In [15],
an effective CU partitioning technique for VVC intra
prediction leverages texture and neighboring partition
information to reduce computational burden, resulting
in negligible degradation in coding performance. The
method explores correlations between spatial texture
characteristics and CU split decisions, designing deci-
sion algorithms for various sizes of CU while integrat-
ing neighboring CU division information. In [16], with
the use of the Laplacian of Gaussian (LOG) operator,
a low-complexity CU partition algorithm efficiently
reduced the encoding time by skipping unnecessary
partitions based on edge features. Overall, these meth-
ods achieve significant reductions in encoding time
with reasonable coding efficiency. Although many fast
decision methods have been proposed, most of them
still employ fixed thresholds and handcrafted features
concerning texture variance, edge strength, gradient
magnitude, and directional complexity. While those
features are powerful in capturing the local structure,
their predefined nature leads to limited adaptability for
diverse video content and different sizes of CUs.

In [17], a Support Vector Machine (SVM)-based al-
gorithm was introduced to predict CU split decisions
in VVC by analyzing features like entropy, texture con-
trast, and Haar wavelet coefficients. Online training of
six SVM models across varying CU sizes is used to ef-
fectively forecast splitting directions. By utilizing tex-
ture information, [18] introduced a fast CU splitting
technique derived from SVM classifiers that avoided
replication of partitioning modes. They used quanti-
zation parameters, variance, and directional gradients
of current CU as three features to train the classifiers
for various CU sizes independently. With a view to de-
crease the complexity of the CU division, [19] proposed
a random forest-based technique in VVC by categoriz-
ing the CU as simple, fuzzy or complex. A deep learning
approach was proposed by [20] to estimate CU parti-
tioning based on QTMT for advanced intra-mode selec-
tionin VVC encoding. CU partition decisions are guided
by a multi-stage exit CNN (MSE-CNN) that optimizes
among complexity and RD performance. It includes an
early-exit mechanism and an adaptive loss function.
The experimental results show encoding time reduc-
tions of 44.65% to 66.88%, with a minimal increase in
BDBR of 1.322% to 3.188%, compared to VTM-7.0. A
hybrid framework was proposed in [21] that combined
multi-feature-guided Fast CU Partitioning (FCP) and
Laplacian-guided Fast Mode Selection (FMS) to speed
up intra QTMT decisions. FCP relies on SVM-based clas-
sification, while FMS employs the Laplace operator to
eliminate redundant mode evaluations. Together, the
methods achieved a reduction in encoding time of up
to 54.84%, with only a 1.74% increase in BDBR.
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A convolutional neural network (CNN) was used to
describe the Quadtree plus Binary Tree (QTBT) split-
ting depth as a 5-class classification issue in [22], which
presented a fast CU depth selection method. The CNN
greatly accelerates the decision-making process by di-
rectly predicting the depth range instead of evaluating
splits at each level. In [23], a CNN that works well with
coding units of different sizes was trained. In CNN, the
dimension of the pooling layer was linked to the size
of the CU, thereby resolving the drawback of the prior
network’s inability to simultaneously accept CUs of vary-
ing sizes. In [24], an adaptive coding unit split decision
method for VVC is proposed, which uses deep learn-
ing and multi-feature fusion. The texture classification
identifies complex and homogeneous CUs, while CNN
structures are applied based on CU characteristics. For
square CUs, [25] introduced a CNN model to enhance
the QT split decision. The model concentrates on coding
units that have depths between 0 and 2. Their technique
can improve the bit rate by 1.7% while decreasing the
intra-mode processing time by approximately 35%. A
DenseNet-based VVC fast CU partition decision scheme
was implemented by [26]. The probability vector is uti-
lized to prevent unimportant RDO procedures before
they occur, and CNN is employed to estimate the pos-
sibility that the boundary of 4 x 4 blocks in each 64 x
64 block will serve as the partition boundaries. The use
of CNNs in a deep learning method was suggested in
[27] as a fast intra-partitioning solution for VVC. A novel
and efficient QTMT decision tree technique is created by
combining the predictions of a CNN-based binary tree
horizontal (CNN-BTH) and binary tree vertical (CNN-BTV)
network for partition choices at the 32 x 32 CU level.
The suggested approach reduces complexity by 37%,
saves 31% of the encoding time, and only slightly de-
grades coding performance when compared to VTM-
3.0. For intra-frame analysis within the VVC standard, a
fast method for selecting block divisions using LGBM
(Light Gradient Boosting Machine) classifiers was pre-
sented in [28] to determine optimal split types among
the five possible options in the QTMT structure of VVC.
This approach uses five specialized classifiers, trained for
texture, coding, and context features, to predict and skip
unlikely split types, which avoids unnecessary RDO cal-
culations. This configurable solution offers multiple op-
eration points that balance performance and efficiency.
A two-stage framework was suggested in [29] to make
VVC less complicated when predicting frames. To identi-
fy the optimal intra-coding depth, a deep convolutional
network first captures and combines spatial-temporal
coding characteristics. Next, a probability-based model
selects possible partition modes, reducing unnecessary
calculations. In [30], a learning-based approach was pro-
posed for fast split mode and directional mode decisions
in VVC intra prediction using deep neural networks.
Separate models were trained for different CU sizes to
predict the probabilities of split modes and directional
modes, enabling the skipping of unlikely candidates
and early termination using a lightweight neural net-
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work. In [31], a dynamic decision-making mechanism
for fast CU partitioning using the ResNet model with a
gradient-based intra-mode selection was implemented.
Although learning-based methods are more accurate,
they require multiple models to be trained on large da-
tasets with specialized architectures, which significantly
increases the computational overhead at inference.

From the analysis of existing methods, it is evident
that achieving a balance between adaptability and ef-
ficiency remains challenging. To address this, the pro-
posed method performs a perceptually guided CU par-
titioning using the Scharr operator for the detection of
edge direction and an SSIM-based dissimilarity (Dis)
feature for adaptive partitioning. This simple approach
achieves significant complexity reduction with mini-
mal loss in coding efficiency, without relying on fixed
thresholds or learning model.

3. PROPOSED METHOD

VVCis based on a QTMT framework that offers superior
performance in video coding while entailing much lon-
ger encoding times. To reduce complexity, we have pro-
posed a fast CU size decision using the Scharr operator
and the subblock dissimilarity measure. In the proposed
system, we use the default VTM settings, which are 64
for MaxCUWidth and MaxCUHeight, and thus, a QT split
is required for 128 x 128 CTUs. For VVC’s All Intra (Al)
setup, the largest base node size that can be supported
by the multi-type tree structure is 32 x 32.This limitation
is because MAX_BT_SIZE and MAX_TT_SIZE are set to
32. Consequently, for 64 x 64 CUs, there is a preference
between splitting and not splitting. We propose early
splitting decisions for CUs between 16 x 16 and 32 x 32,
which achieve a tradeoff between efficiency and coding
quality, considering that the early termination of 64 x 64
CUs may have a limited loss of coding quality.

3.1. MOTIVATION

For the QTMT coding structure of VVC, intra-coding
consumes more than 90% of the coding time [13].
However, using QTMT to explore the best partitioning
pattern includes redundant computation of tree tra-
versals since all the potential partitioning patterns per-
form RD testing. By identifying video features to pre-
vent splitting into inappropriate types, we can signifi-
cantly reduce the VVC encoding complexity. The QTMT
partitioning is closely related to the contents textures
and tends to choose larger CU sizes for homogeneous
areas with a simple coding tree structure, while areas
with complex textures tend to have smaller CU sizes
and complex coding tree structures. For areas with ori-
ented textures, CUs are partitioned to keep the texture
direction aligned for optimal encoding.

3.2. OVERVIEW OF FEATURE EXTRACTION

The two categories that the video features can be
divided into include texture and structural features.
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While structural features capture the arrangement of
subblocks within the encoding block, texture features
describe the correlation between the coding unit par-
titioning and pixel variations. Employment of gradient
information helps in describing the texture properties
of the CU accurately. The Scharr operator has been ad-
opted for gradient extraction to efficiently enhance the
accuracy of the gradient. Equations (2), (3), (4) and (5) il-
lustrate how convolution factors are calculated horizon-
tally and vertically and gradients in the Scharr operator.

-3 0 3
Gh(p,q) = (—10 0 10) *A(p, q) (2)
-3 0 3
SO (VRS
Gy(p, @) = ( 0 0 0 )*A(p. q) 3)
3 10 3
Gr = s 20 ZHZ1Gr (P, @) @)
Gy = e T3 ZH231G, (p, ) (5)

A(p, q) represents the matrix of pixels centered on (p,
q), while G, (p, q and G, (p, q) represent the values of
the horizontal and vertical gradients at the coordinates
(p, 9). G, and G represent the aggregate horizontal and
vertical gradients. The current area is divided into four
equally sized subblocks horizontally and vertically. The
width and height are given by W and H, respectively,
and the average of the absolute gradient values for ev-
ery single pixel is calculated.

The BT (Binary Tree) and TT (Ternary Tree) partitions
divide the CU autonomously into subblocks, showing
its structure in detail. The CU must be partitioned uni-
formly into four parts both horizontally and vertically
to compare it fairly. This equal-sized representation is
schematic and is used here only for visualization; in
actual VVC, BT and TT partitions produce non-uniform
subblock dimensions. Fig. 2 presents the positions of
the subblocks generated by the partition and helps us
to provide an insight into how subblock partitioning is
performed. In the partitioning in the horizontal direc-
tion, subblocks A and C are the edge subblocks in the
TT partition, while subblock B is the middle subblock.
In this way, it is possible to investigate the similarities in
the structure of the subblock.

One of the well-known image quality metrics used to
evaluate image fidelity is the Structural Similarity Index
Measure (SSIM) [32]. Unlike variance, SSIM considers
not only contrast but also luminance and the structural
correlation between the edges of subblocks. There-
fore, SSIM can be applied to quantify the comparison
between the edges of the adjacent subblocks. In SSIM,
structural similarity is measured by considering lumi-
nance, contrast, and structure. SSIM is more perceptu-
ally accurate since it correlates more with human visual
perception compared to variance. It is used to charac-
terize the present CU's structural properties to avoid
certain multi-type tree partitioning patterns from oc-
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curring early. It is particularly useful for image quality
evaluation and can be applied effectively to calculate
the dissimilarity feature by comparing the SSIM values
of adjacent subblock edges.

Fig. 2. Visualization of Horizontal and Vertical

Subblock Division
A
B A B C
C

SSIM compares subblocks by analyzing not just pixel
intensity differences (as variance does), but also struc-
tural similarities, which are more aligned with human
perception.

Luminance differences are addressed by compar-
ing mean pixel intensities.

«  Contrast differences are captured through vari-
ance, but with a more perceptually accurate for-
mulation.

«  Structural differences are captured by using covari-
ance in SSIM, reflecting the similarity of the struc-
tures (patterns) between subblocks.

The formula represented in Equation (6) below pro-
vides the SSIM measurement between the two edge
pixel arrays, y and z.

(ZuypZ+C1)(20'yz+ CZ)
(H§/+H§+C1)(G§+U§+Cz)

SSIM(y,z) =

(6)

where

The mean values of the pixels along the edges in the
subblocks y and z are 1, and ..

Edge pixel values in the subblocks have variances of
o’ando?’

The covariance between the edge pixel values of the
adjacent subblocks is o,

The constants C, and C, are used to stabilize divisions
with weak denominators. In general, C,= (K1L)2 and C,=
(KZL)Z; here L represents the dynamic range of the pixel
values (for example, 1023 for 10-bit images and 255 for
8-bitimages). In standard SSIM implementations, the de-
fault values for K, and K, are 0.01 and 0.03 respectively.

SSIM takes into account not only the contrast (vari-
ance) but also the luminance and structural correlation
between the subblocks. Therefore, SSIM provides a
more complete picture by evaluating:

1. Luminance similarity (mean intensity of the sub-
blocks)
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2. Contrast similarity (variance or standard deviation
of the subblocks)

3. Structural similarity (covariance between sub-
blocks)

The mean luminance in each block is calculated us-
ing the average pixel values of the edge blocks as rep-
resented in Equation (7)

_ 2hylz+Cy

L(y,z) = I@L‘W (7)
The mean value for each subblock is given by the fol-

lowing equations (8) and (9)

My = 2Ty % (8)

by = 5 2Ee 2 9)

Here, P represents the overall pixel count along the
edge in the region (or block) of the image being ana-
lyzed. Contrast differences are captured through vari-
ance, but with a more perceptually accurate formulation.

20y0z+ Cz

C(y' z) = 05+aZ+Cy (10)
The variances 0,? and ¢ ? of the edge pixel values in
subblocks y and z are given by the following equations.

o= =3 - ) (11)

1
022 = EZ?:l(Zs - IJ-Z)Z (12)
The covariance in SSIM captures structural differ-
ences, indicating the similarity between structures
(patterns) in subblocks. It can be computed using the
following equation.

oyz+ C2

som) = 222 a13)
The covariance o between the edge values of the
pixels in the subblocks y and z is given by the following
equation.
Oyz = P—;Z’;:l(}’s - Lly)(Zs - “z) (14)
Combine the results into the SSIM formula represent-
ed in Equation (6).

In the context of video coding and partitioning deci-
sions, measuring dissimilarity is important because the
goal is often to identify regions of the image or video
frame where the structure changes significantly.

These changes can indicate the need for further par-
titioning to improve coding efficiency by better cap-
turing the varying details within different blocks. When
using SSIM to drive partitioning decisions, dissimilarity
can guide whether to skip or apply a specific partition.
In this case, the measure of dissimilarity (Dis) can be
represented as:
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Dis,, =1-SSIM(BE_Subblock

—h1’

Dis,, .=1-SSIM (BE_Subblock

—h3!

TE_Subblock_ )
TE_Subblock_, )
TE _Subblock

)
h4
Dis, =1 -SSIM(RE_Subeock_V o LE_Subblock_v3)
Dis, . =1-SSIM(

(

RE_Subblock_VI, LE_Subblock_vz)
Dis, =1-SSIM RE_Subblock_v3, LE_Subblock_v 4)

In the above equation (15), the terms BE_Subblock,
TE_Subblock, RE_Subblock and LE_Subblock refer to the
bottom edge, top edge, right edge and left edge of the
subblock, respectively. As illustrated in Fig. 2, the image
is partitioned into four distinct subblocks. To facilitate
analysis, the terms h1, h2, h3 and h4 denote horizontal
edge pixels and v1, v2, v3 and v4 denote vertical edge
pixels. During encoding, SSIM is calculated across the
edges of neighboring subblocks in both the horizon-
tal and vertical directions using reconstructed pixels. If
the dissimilarity is below an adaptive threshold, the CU
is homogeneous and no further splits are necessary.
Otherwise, the CUs with high Dis values will undergo
finer partitioning to make more precise predictions.
The adaptive control minimizes redundant evaluations

in smooth areas while preserving detail in complex re-
gions. This feature is implemented into the EncCu mod-
ule of the VTM encoder before a full RD cost calculation.

3.3. PROPOSED ALGORITHM

Our model presents a unified early decision strategy
for the QTMT coding structure of VVC with the goal of
optimizing coding efficiency by simplifying RDO mode
decisions. By focusing on reducing the number of cod-
ing units involved in RDO processing, we effectively re-
duce overhead in coding time. In this paper, we focus on
further enhancing the MT structure in VVC by proposing
an early termination scheme for the TT split mode. This
technique does away with the BT mode that might oth-
erwise cause quality degradation if the blocks extend
beyond the picture boundary. Our approach consists
of three steps that guide the development of the algo-
rithm. The flowchart in Figure 3 represents the three key
steps of the algorithm: (1) the early termination of CU di-
vision through the directional gradient from the Scharr
operator, (2) the determination of the direction of CU
partition by using this gradient, and (3) the extraction of
subblock dissimilarities so as to determine the early skip
of the TT partitioning process.

Qegin cu EncodiD

Evaluate Features

Satisfy

Condition
Al? l
s dir_flag=1 No
lHorizontal
Partition
Yes No
Yes No
Vertical dir_flag=0
Partition
A, Y A, A,
RDO(BH, RDO(BY, RDO(BH,BYV,
RDO(BH,QT) TH.QT) RDO(BV,QT) TV.OT) TH.TV,QT)

A

@nate the CU En@

Fig. 3. Flow Chart
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First, calculate the gradient features by using the
Scharr operator in accordance with equations (2), (3),
(4), and (5). Then, the directional Scharr-based gradient
of the current frame is used as a threshold to assess the
texture complexity of CU. There is no necessity to further
divide the CUs if their gradient in both horizontal and
vertical directions is below this threshold, which means
the texture is smooth. On the other hand, if the texture
is complex, then it proceeds to the selection of a subse-
quent partitioning mode. These criteria of assessing the
texture complexity are summarized in Equation (16).

Condition A1: G, < thf
G, < Gvcf

Where G,is the average horizontal gradient and G,
is the average vertical gradient of the current frame.

(16)

In Step 2, for the CUs not satisfying Condition A1, we
check the partition direction based on the gradient fea-
tures extracted by the Scharr operator. The horizontal
and vertical gradients of the pixels within the current
CU determine the partition scheme. The optimal parti-
tion direction flag is denoted by the symbol “dir_flag",
which is formally defined as shown in Equation (17).

0,if =>Thd

. . Gh
1,if o< Thd
—1,else

dir_flag = 17)

The average horizontal gradient and vertical gradi-
ent of the current CU are represented by Gh and Gv in
the dir_flag formulation respectively. By default, the
threshold Thd is set to one. When dir_flag is equal to
0, indicating a significant horizontal texture change,
the CU is divided into two sub-CUs vertically without
RDO processing for the horizontal partition mode. On
the other hand, when dir_flag is equal to 1, indicating
a significant vertical texture change, the CU is divided
into two sub-CUs horizontally without RDO process-
ing for the vertical partition mode. In the case where
dir_flag is -1, the CU is RDO processed for all QTMT par-
tition modes until the best mode is selected similar to
conventional VTM encoding behavior.

In Step 3, when dir_flag is not equal to -1, meaning
horizontal or vertical partitioning, the algorithm calcu-
lates the dissimilarities in the direction decided by Step
2. This calculation decides whether or not the ternary
partitioning can be skipped. The ternary partition skip
flag, tt_skip_flag, is set based on the decision using
Equation (18).

Dis,y, > Disgyq, Disypy
1,if | or Disy,, > Dis,,,,Dis
ttskip - f bv tvl tv2 (-I 8)

0, else

The CU determines whether or not to bypass the hori-
zontal or the vertical ternary partition when tt_skip is 1.
It uses the dissimilarity feature, Dis, representing the
extent of structural changes between the boundaries
of adjacent subblocks and defined by equation (15).
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4. EXPERIMENTAL OUTCOMES AND ANALYSIS

4.1. EXPERIMENTAL OUTCOMES

In this paper, the suggested approach is evaluated
on 15 representative video sequences selected from
the JVET Common Test Conditions (CTC). The following
resolution categories are taken into consideration: Class
A (3840%2160), Class B (1920x1080), Class C (832x480),
Class D (416x240), and Class E (1280x720). The test se-
quences were encoded at three different frame rates: 30
Frames per Second (FPS) for Campfire, RaceHorsesC, and
RaceHorses; 50 FPS for ParkRunning3, BasketballDrive,
Cactus, PartyScene, BasketballDrill, and BlowingBub-
bles; and 60 FPS for BQTerrace, BQMall, BQSquare, John-
ny, KristenAndSara, and FourPeople. The encoding was
done in the All-Intra (Al) mode for QP=22, 27, 32, and 37.
The BDBR [33] and Average Time Saving (AT) are comple-
mentary metrics in the scope of VVC, where BDBR quan-
tifies the improvement in encoding efficiency, while AT
measures the reduction of computational time needed
to perform the coding. Performance has been evaluated
based on BDBR and AT using Equation (19).

Tyrm— Tproposed
AT = (—P

)x100% (19)

Tyrm

In the context of identical video sequences and identi-
cal encoding settings, T, refers to the total encoding

time of the reference method in VTM-21.2, while Tpmpmd
represents that of the suggested method. Usually, fast
algorithms reduce the encoding time significantly; the
BDBR values are often higher because of their lower
coding efficiency. The average AT value of all sequences
measures the ability of the fast method to reduce the
encoding complexity, while the average BDBR reflects
the reduction in coding efficiency due to the faster al-
gorithm. Higher BDBR means a larger reduction in cod-
ing quality, and higher time savings mean the encoding
complexity has been reduced more significantly.

4.2. CODING PERFORMANCE OF THE
PROPOSED METHOD

Table 1 presents a comparison of the coding efficien-
cy of the proposed method and VTM-21.2. The original
VTM encoder was used for reference, and variations
with settings TT_OFF, QT_OFF and BT_OFF were consid-
ered. Of note, important configurations include the TT
OFF (disabling the TT partition), QT_OFF (without the
QT partition), and BT_OFF (without the BT partition). It
should be noted that for some CU sizes, such as 128 x
128 and 64 x 64, partitioning is allowed only for QT or
NS; without the QT partition, the coding process stops
prematurely. Moreover, after MTT partition, for 32 x 32
CUs, the QT partitioning is not allowed anymore. These
findings provide insight into the impact of such settings
on encoding efficiency and give an overview of possible
progress compared with traditional methods.

Table 1 shows the effect of split prohibitions on en-
coding efficiency. Limiting the TT split by VTM reduces
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the encoding time by 61.42%, with a 2.57% increase
in BDBR. Similarly, QT split blocking results in a time
reduction of 24.35% with a 1.97% increase in BDBR,
while BT split prohibition offers substantial time sav-
ings, as high as 71.09%, with an average BDBR increase
of 5.10%. In contrast, the suggested algorithm attains
a 46.45% decrease in time with a mere 1.27% increase
in BDBR, demonstrating a better optimization between
execution time and complexity.

Table 2 distinguishes the efficiency of the suggested
method from the most recent fast algorithms.The cod-
ing efficiency of the suggested method is assessed
by contrasting it with three fast CU partitioning tech-
niques for VVC: [7], [26], and [14].

We focus on contrasting our data with the existing
data because the test sequences and their outcomes dif-
fer. With a mere rise of 1.23% in BDBR, the analysis indi-
cates that the suggested approach decreases the encod-
ing time by an average of 45.79% when compared with
VTM-21.2. Block boundaries were identified in [7] using a
block-level Canny edge detector to prevent unnecessary
horizontal or vertical splits. In contrast, the proposed
method uses Scharr-based gradient features to better
capture texture directionality and a dissimilarity (Dis)
metric to skip unnecessary ternary partitions. The pro-
posed algorithm attains an increment of 10.98% in AT,
with only a 0.49% increment in BDBR when compared to
[7], reflecting improved encoding time.
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The approach in [26] used a DenseNet-based pre-
dictor for determining the probability of the partition
boundary within each 64 x 64 block to reduce the re-
dundant RD computations. Unlike this deep learning-
based method, our strategy directly analyzes the struc-
tural similarity between adjacent subblocks to deter-
mine whether to skip the horizontal or vertical splits.
This design brings an improvement in coding quality
with a 0.38% reduction in BDBR and enhances the ef-
ficiency due to a 1.02% increase in time saving, hence
leading to the faster and consistent encoding results.

In [14], SMAD is utilized to decide about the texture
complexity and remove the redundant partition modes.
It dynamically adjusted the thresholds based on QP for
a better trade-off between coding efficiency and com-
plexity. The proposed method made the decision more
direct and adaptive by using gradient-based texture
analysis and dissimilarity-driven partition control. The
highest AT of the proposed algorithm is 15.37% higher
than that in [13], while the BDBR is increased only by
0.7%, which shows an optimum between computa-
tional efficiency and coding performance.

Fig. 4 depicts the RD curve evaluation between the
anchor VTM encoder and the suggested approach cor-
responding to various test sequences. It is evident from
the close overlap of RD curves that the suggested tech-
nigue retains high coding quality, similar to that of the
baseline VTM encoder.
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Fig. 4. Performance Evaluation of RD Curves on Four Test Sequences: (a) Class A, Campfire (3840%x2160), (b)
Class B BQTerrace (1920x1080) (c) Class D, BQSquare (416 x240) (d) Class E, KristenAndSara (1280x720)
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5. CONCLUSION

This paper introduces an early decision-making ap-
proach to CU partitioning for VVC intraframe encoding
that depends on only two features, aiming to reduce
the high level of computational complexity related to
the QTMT framework. This work utilizes the Scharr op-
erator to derive horizontal and vertical gradient infor-
mation from pixel variation trends, which we then use
to guide MT split and early termination. Additionally,

we use the dissimilarity feature calculated using SSIM
to analyze the edges of adjacent subblocks to charac-
terize the CU structural information and develop an
early decision mechanism to skip ternary partitioning.
The experimental results indicate that our approach av-
erages a 45.79% reduction in encoding time compared
to VTM-21.2, with a minor increase of BDBR by 1.23%.
The suggested approach performs well compared to
the experimental outcomes of the existing algorithms.

Table 1. Performance Metrics Comparison between Proposed Method and VTM-21.2

VTM(TT_OFF) VTM(QT_OFF) VTM(BT_OFF) Proposed
Class Test-Sequence
BD-BR (%) AT (%) BD-BR (%) AT (%) BD-BR (%) AT (%) BD-BR (%) AT (%)
BasketballDrive 1.91 60.71 0.61 19.25 4.03 67.45 1.18 48.89
BQTerrace 1.96 59.86 1.88 21.19 3.99 73.25 1.24 46.64
B Cactus 249 60.55 1.1 27.58 4.16 72.87 1.26 47.68
Kimono1 1.57 62.39 0.16 21.93 2.72 68.46 0.98 48.04
ParkScene 3.66 58.9 1.28 16.33 541 65.81 1.57 45.93
PartyScene 1.48 61.83 2.86 23.65 4.44 75.94 0.57 42.25
BQMall 2.96 62.63 1.94 26.84 5.36 73.03 1.46 47.73
RaceHorsesC 1.82 62.62 1.07 31.84 3.39 73.02 0.97 46.84
BasketballDrill 4.09 62.63 3.81 19.69 7.98 7239 2.15 46.84
BQSquare 1.51 59.74 5.55 20.51 6.61 72.66 0.52 42.78
BlowingBubbles 2.05 62.59 2.36 29.05 4.94 74.86 0.64 44.97
P RaceHorses 2.31 60.91 2.75 27.13 5.28 74.22 0.79 44.46
BasketballPass 2.92 61.05 2.11 29.61 6.38 70.67 1.25 42.88
Johnny 3.39 60.84 1.19 23.02 5.76 65.87 2.18 49.74
E KristenAndSara 3.13 61.53 1.85 23.62 5.64 66.97 1.65 46.82
FourPeople 3.88 64.01 1.13 28.4 5.52 70.04 2.04 50.73
Average 2.57 61.42 1.97 24.35 5.10 71.09 1.27 46.45
Table 2. Evaluation of the Proposed Algorithm Against Recent Algorithms
Class Tang2019 [7] Zhang2021 [26] Song2022 [14] Proposed
. Test-Sequence
(Resolution) BD-BR(%) AT(%) BD-BR(%) AT(%) BD-BR(%) AT(%) BD-BR(%) AT(%)
Campfire — — 2.21 71.34 0.59 29.28 1.09 45.63
A (UHD)
ParkRunning3 --- -- 0.85 69.85 0.27 28.34 0.73 34.81
BasketballDrive 0.93 49.89 2.07 62.73 0.74 34.48 1.18 48.89
B (FHD) BQTerrace 0.81 35.29 1.52 51.61 0.62 28.85 1.24 46.64
Cactus 0.78 37.31 1.93 58.98 0.61 30.73 1.26 47.68
PartyScene 0.34 33.18 0.76 27.34 0.42 31.62 0.57 42.25
BQMall 0.60 33.21 1.58 36.82 0.65 33.79 1.46 47.73
C(WVGA)
RaceHorsesC 0.65 30.53 1.02 39.39 0.46 27.83 0.97 46.84
BasketballDrill 1.30 29.62 2.28 34.40 0.40 26.55 2.15 46.84
BQSquare 0.22 26.02 0.41 17.94 0.29 29.97 0.52 42.78
D (WQVGA) BlowingBubbles 0.23 27.71 0.42 16.60 0.43 29.34 0.64 44.97
RaceHorses 0.30 26.21 0.66 23.21 0.48 27.84 0.79 44.46
Johnny 1.29 40.72 3.32 55.54 0.69 30.65 2.18 49.74
E (720p) KristenAndSara 0.94 40.61 242 50.79 0.59 31.38 1.65 46.82
FourPeople 1.18 42.29 2.69 54.98 0.78 35.63 2.04 50.73
Average 0.74 34.81 1.61 44.77 0.53 30.42 1.23 45.79
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