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DI of 2.5646, GAR at FAR = 1% of 0.6090, and GAR at FAR = 10% of 
0.8930. ResNet101 slightly outperforms this with an AUC of 0.9497 
and EER of 0.1081, while EffNetb0 trails with an AUC of 0.9082 and 
EER of 0.1669. The middle, ring, and little base segments follow a 
similar trend, with AUC values for ResNet50 ranging from 0.9498 to 
0.9615 and EERs between 0.0999 and 0.1051. These results indicate 
that even with reduced feature dimensionality, the base knuckle 
segments retain the most discriminative power among individual 
segments.

V.B.2 Knuckle-based fusion
In the knuckle-based fusion scenario, where the same knuckle 
segment across all four fingers is fused, the impact of latent space 
representations is particularly notable. The base knuckle fusion 
with ResNet50 achieves an AUC of 0.8530, EER of 0.0822, DI of 
3.0459, GAR at FAR = 1% of 0.7070, and GAR at FAR = 10% of 0.9140. 
ResNet101 improves upon these results with an AUC of 0.8740 
and EER of 0.0836. EffNetb0, interestingly, records the highest AUC 
among the three at 0.9560, with an EER of 0.1087. The major and 
minor knuckle fusions show lower performance, with ResNet50 
major knuckle fusion at an AUC of 0.9359 and EER of 0.1319, and 
minor knuckle fusion at 0.9108 and 0.1531, respectively. These 

results reinforce the advantage of base knuckle fusion, especially 
when feature dimensionality is reduced through latent space 
encoding.

V.B.3 Finger-based fusion
Finger-based fusion, which aggregates all three knuckle segments of 
a single finger, demonstrates further performance gains with latent 
space features. The index finger fusion with ResNet50 yields an AUC 
of 0.9790, EER of 0.0901, DI of 3.0530, GAR at FAR = 1% of 0.7050, and 
GAR at FAR = 10% of 0.9200. ResNet101 matches this AUC of 0.9790 
but improves EER to 0.0730 and DI to 3.2966, with GAR at FAR = 1% 
rising to 0.7480.

V.B.4 All-knuckle fusion
The all 12 knuckle fusion case, which combines every knuckle seg-
ment from all four fingers, achieves the highest recognition perfor-
mance among knuckle-only approaches with latent space features. 
ResNet50 reaches an AUC of 0.9840, EER of 0.0625, DI of 3.4914, GAR 
at FAR = 1% of 0.8280, and GAR at FAR = 10% of 0.9550.ResNet101 
further improves these metrics, achieving an AUC of 0.9866 and an 
EER of 0.0549. EffNetb0, though slightly behind, still posts strong 
results with an AUC of 0.9743 and EER of 0.0841.

Fig. 4.  Receiver operating characteristic graphs for various fusion strategies for the original features, using the employed models; (top-row) 
ResNet50, (middle-row) ResNet101, (bottom-row) EffNetb0; (left-column) Knuckle-type, (middle-column) Finger-type, (right-column) 
Knuckle + Dorsal type.
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V.B.5 Knuckle-dorsal fusion
The fusion of all knuckle and dorsal hand features in the latent space 
delivers the best overall performance across all evaluated cases. With 
ResNet50, the dorsal knuckles fusion achieves an AUC of 0.9880, 
EER of 0.0560, DI of 3.7152, GAR at FAR = 1% of 0.8630, and GAR at 
FAR = 10% of 0.9640. ResNet101 outperforms all other configura-
tions, attaining an AUC of 0.9913, EER of 0.0470, DI of 3.9611, GAR 
at FAR = 1% of 0.8850, and GAR at FAR = 10% of 0.9760. EffNetb0 also 
excels in this scenario, achieving an AUC of 0.9934 and EER of 0.0432.

V.B.6 Finger-based fusion
Finger-based fusion, which aggregates all three knuckle segments of 
a single finger, demonstrates further performance gains with latent 
space features. The index finger fusion with ResNet50 yields an AUC 
of 0.9790, EER of 0.0901, DI of 3.0530, GAR at FAR = 1% of 0.7050, and 
GAR at FAR = 10% of 0.9200. ResNet101 matches this AUC of 0.9790 
but improves EER to 0.0730 and DI to 3.2966, with GAR at FAR = 1% 
rising to 0.7480.

V.B.7 All-knuckle fusion
The all 12 knuckle fusion case, which combines every knuckle 
segment from all four fingers, achieves the highest recognition 

performance among knuckle-only approaches with latent space 
features. ResNet50 reaches an AUC of 0.9840, EER of 0.0625, DI of 
3.4914, GAR at FAR = 1% of 0.8280, and GAR at FAR = 10% of 0.9550.
ResNet101 further improves these metrics, achieving an AUC of 
0.9866 and an EER of 0.0549. EffNetb0, though slightly behind, still 
posts strong results with an AUC of 0.9743 and EER of 0.0841.

V.B.8 Receiver operating characteristic curves
The ROC curves for the latent space representation case shown 
in Fig. 5 provide a clear visual comparison of how dimensionality 
reduction via autoencoders impacts the performance of various 
fusion strategies and model architectures. Across all three models—
ResNet50, ResNet101, and EffNetb0—the curves consistently show 
that more comprehensive fusion approaches, such as all-knuckle or 
knuckle-dorsal fusion, yield ROC curves that are closer to the top-left 
corner, indicating higher TPR at lower FPR.

C. Overall Comparison
The comparative analysis of the two studies demonstrates that 
latent space representations, achieved through autoencoder-
based dimensionality reduction, can deliver recognition perfor-
mance that is comparable to or even better than using the original 

Fig. 5.  Receiver operating characteristic graphs for various fusion strategies for the auto encoder based latent space features, using the employed 
models; (top-row) ResNet50, (middle-row) ResNet101, (bottom-row) EffNetb0; (left-column) Knuckle-type, (middle-column) Finger-type, (right-
column) Knuckle + Dorsal type.
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feature length. Across both Tables 1 and II, the application of latent 
space techniques not only maintains high discriminative power 
but, in many cases, enhances the stability and robustness of bio-
metric recognition, especially when fusing information from mul-
tiple hand regions. In the original feature space, the overall best 
performance is observed in the holistic (knuckle dorsal) fusion case 
using the ResNet101 model, which achieves an AUC of 0.9853, EER 
of 0.0491, DI of 3.56, GAR at FAR = 1% of 0.9, and GAR at FAR = 10% 
of 0.966. When switching to latent space representations, the 
best results are further improved in the same holistic fusion sce-
nario, with ResNet101 achieving an AUC of 0.9913, EER of 0.0470, 
DI of 3.9611, GAR at FAR = 1% of 0.885, and GAR at FAR = 10% of 
0.976. These findings highlight that autoencoder-driven latent 
space fusion not only reduces feature dimensionality but can also 
enhance or at least preserve the recognition accuracy of advanced 
biometric systems.

D. Computational Analysis of Latent Space
The experimental results also highlight the computational benefits 
of using latent features over raw features for biometric matching. 
For instance, in the case of the major knuckle of the middle finger, 
for genuine comparisons, the average time per match reduced 
from 1.41 × 10−4 s (raw) to 6.52 × 10−5 s (latent), while for imposter 
comparisons the time reduced from 7.03 × 10−6 s to 2.55 × 10−6 
s, demonstrating a consistent reduction in computation. On aver-
age, latent features achieved a per-match time of 3.39 × 10−5 s 
compared to 7.39 × 10−5 s for raw features, leading to a 54.18% 
improvement in matching efficiency. Additionally, storage require-
ments for the test features decreased from 3.2 MB to 1.9 MB, reflect-
ing a 40.63% reduction in memory footprint. These results indicate 
that latent representations not only enhance recognition perfor-
mance (through more discriminative embeddings) but also offer 
significant gains in computational efficiency and storage, making 
them more suitable for large-scale biometric systems where scal-
ability is critical.

VI. CONCLUSION

This work systematically investigates the efficacy of individual 
knuckle types for biometric recognition, providing a detailed analy-
sis of their discriminative power. In addition, it explores how latent 
space representations influence the performance of individual 
knuckle segments. A comprehensive performance evaluation is 
performed using established benchmark metrics, including EER, 
ROC, GAR, and DI, ensuring a robust and transparent assessment. 
Furthermore, the study rigorously examines a range of biometric 
fusion strategies, such as knuckle-based fusion, finger-based fusion, 
all-knuckle fusion, and, notably, the novel knuckle-dorsal fusion, 
to assess their impact on recognition accuracy. Notably, the study 
demonstrates that holistic knuckle-dorsal fusion achieves state-
of-the-art results, with the best case in the original feature space 
yielding an AUC of 0.9853 and EER of 0.0491, while latent space rep-
resentations further improve these metrics to an AUC of 0.9913 and 
EER of 0.0470.
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