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Achieving precise semantic segmentation is essential for enabling real-time
perception in autonomous systems, yet leading approaches typically require
substantial annotated data and powerful hardware, restricting their use on de-
vices with limited resources. This work introduces an efficient segmentation
framework that integrates pseudo-label refinement, knowledge distillation, and
entropy-based confidence filtering to train compact student networks suitable
for edge deployment. High-quality pseudo-labels are first produced by a robust
teacher network, then further improved using a dense conditional random field
to boost spatial consistency. An entropy-based selection mechanism removes
unreliable predictions, ensuring that only the most trustworthy labels guide the
student model’s training. The use of knowledge distillation effectively transfers
detailed semantic understanding from the teacher to the student, enhancing accu-
racy without added computational overhead. Experimental results with multiple
EfficientNet backbones reveal that this pipeline improves segmentation accuracy
and output clarity, while also supporting real-time or near real-time inference on

CPUs with limited processing power. Extensive ablation and qualitative stud-
ies further confirm the method’s robustness and flexibility for real-world edge
applications.
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1. INTRODUCTION

The widespread adoption of autonomous vehicles depends on robust, real-time perception systems
such as semantic segmentation, which are essential for safe navigation in complex environments [1]-[5]. While
state-of-the-art deep learning models like DeepLabV3+ [6]], HRNet [7], and transformer-based architecture like
SegFormer [8] achieve remarkable accuracy, they often require significant computational resources, making
them difficult to deploy on embedded devices or consumer-grade vehicles with limited hardware capabilities
[O]-[L1]. To address these constraints, researchers have developed various strategies for model compression
and acceleration, including network pruning [12]], parameter quantization [13]], and the creation of lightweight
architectures like Enet [[14], MobileNet [[15], and EfficientNet [16]. However, lightweight models alone often
struggle to maintain the detailed accuracy required for real-world, urban environments. Knowledge distillation
(KD) has emerged as a powerful approach for bridging the gap between model efficiency and performance. By
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transferring knowledge from a large, accurate teacher model to a smaller student, KD enables compact models
to approach the accuracy of their larger counterparts with much lower resource requirements [[17]. For dense
prediction tasks like semantic segmentation, KD has been extended through feature imitation, attention transfer,
and boundary-aware distillation [[18]. Despite these advances, most KD methods still rely on the availability of
annotated data, which remains a significant bottleneck due to the high cost and labor required for pixel-level
labeling, especially in rapidly evolving urban scenes [[18]], [19]. This challenge has motivated increased interest
in self-supervised, semi-supervised, and teacher-student learning frameworks that can leverage large amounts
of unlabeled data [20].

A key technique in this context is pseudo-labeling, where provisional labels are assigned to unlabeled
samples based on the model’s confident predictions and then used to further train the network [21]. However,
naive pseudo-labeling can introduce noise and confirmation bias if unreliable predictions are included. To
mitigate this, recent works use confidence thresholding, uncertainty estimation, and ensemble methods to filter
ambiguous predictions [22], [23]]. Spatial refinement methods like dense conditional random fields (DenseCRF)
further enhance pseudo-label quality by enforcing consistency among neighboring pixels [24]]. Additionally,
entropy-based masking strategies allow models to dynamically select reliable regions for supervision, reduc-
ing the propagation of errors and improving overall training stability [25]], [26]. Although recent advances in
semi-supervised and self-supervised learning have made significant strides in reducing reliance on large la-
beled datasets for semantic segmentation, the majority of existing methods still require some level of manual
annotation, whether for pretraining, validation, or hyperparameter tuning [27]. Moreover, ongoing research
predominantly navigates controlled experimental environments where benchmarks may not effectively reflect
the real-world complexities such as variable lighting, occlusions, or limited computational capacities. As a
consequence, the real-world adoption of these approaches is often limited, especially for applications requiring
efficient, robust, and easily deployable segmentation on hardware with strict resource constraints. In fact, only
a small number of studies have specifically addressed the practical challenges of deploying segmentation mod-
els for real-time inference on edge devices with limited memory and processing power, such as those used in
embedded robotics and autonomous vehicles that highlighting an ongoing need for streamlined solutions that
do not depend on extensive annotation or cumbersome training procedures [28], [29].

In this work, we propose a unified, edge-aware, and fully self-supervised semantic segmentation
pipeline tailored for urban autonomous driving, which eliminates the need for manual annotation at any stage.
Our approach combines a transformer-based teacher for pseudo-label generation, DenseCRF for boundary
refinement, entropy-based confidence masking, a lightweight EfficientNet-U-Net student, and a streamlined
logit-based KD loss. We validate our framework using a real-world dataset from Universitas Gadjah Mada
(UGM), Indonesia, and demonstrate effective real-time deployment on simulated embedded hardware. Our
contributions include: i) a fully self-supervised pipeline for urban segmentation without manual labels, ii) a
thorough analysis of pseudo-label refinement, knowledge distillation, and confidence thresholding, and iii) de-
ployment and benchmarking on resource limited CPU or simulated edge-device conditions. Finally, we discuss
the limitations and future directions for annotation-free segmentation, particularly regarding evaluation without
ground truth in practical scenarios.

2. METHOD

Our proposed method addresses semantic segmentation for autonomous driving in resource-constrained
urban environments, entirely without ground truth annotation. The pipeline consists of three main components:
a teacher model for pseudo-label generation, a refinement step using DenseCRF to enhance label quality, and
a student model trained with knowledge distillation and entropy-based confidence masking. The overall archi-
tecture is illustrated in Figure[I]

2.1. Teacher model and pseudo-Label generation

We chose SegFormer-BS5 [8] as our teacher model due to its exceptional segmentation performance
on urban-scene benchmarks such as Cityscapes [30]. SegFormer is the one of SOTA models that integrates
Transformer-based attention mechanisms, effectively capturing global contextual information, which is critical
for accurately segmenting crowded urban environments. The pre-trained teacher model generates predictions
for the unlabeled images in our dataset. Specifically, we employ the teacher model as a ’pseudo annotator,”
generating preliminary segmentation masks (pseudo-labels). The teacher outputs softmax probability maps
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P € [0, 1]7XW*C \where C denotes the number of classes. The hard pseudo-labels Y at pixel (i, j) is deter-
mined by selecting the class with maximum probability.
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Figure 1. Complete pipeline of our method

2.2. Pseudo-label refinement with DenseCRF

While the teacher’s pseudo-labels Y provide strong supervisory signals, they may contain spatial noise
and misaligned boundaries. To address this, we apply DenseCRF to each pseudo-label mask. DenseCRF
models both unary potentials (from the teacher’s predictions) and pairwise potentials that encourage spatial and
appearance consistency among neighboring pixels. The energy function for the CRF is defined as (2):

E(Y, 1) = vu(Yil) + ) (Y, Y;|T) )
i i<j
where Y be the vector formed by the Y, and Y, pseudo-labels, where Y,, represents the unary potentials and
Y, represents the pairwise potentials. This post-processing step yields refined pseudo-labels Y with improved
boundary accuracy and spatial coherence serve as supervision for training the student model.

2.3. Entropy-based confidence masking

Even after refinement, pseudo-labels may contain regions with high uncertainty, typically occurring
at class boundaries, object occlusions, or in visually ambiguous areas. Training directly on these uncertain
labels may cause the student model to learn erroneous mappings, ultimately degrading generalization and seg-
mentation accuracy [31]]. To mitigate this, we employ entropy-based confidence masking, a widely recognized
approach in semi-supervised and pseudo-label learning [32]]. The entropy of the teacher’s predicted probability
vector for pixel (i,j) is defined as:

H(i,j) = _Zpi,j,clogpi,j,c 3)

Entropy, as a measure of uncertainty, reaches its maximum when the model is maximally uncertain and is
minimized when the prediction is highly confident. We then apply a threshold 7 to filter out pixels with high
entropy, retaining only those with low uncertainty. The confidence mask M is defined as:

1 ifH@G,j)<T
0 otherwise

M(i,j) = { 4)
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where 7 is a hyperparameter that can be tuned based on the dataset and model performance. Only pixels
with M (i, j) = 1 are considered in loss computation, ensuring that the student model learns only from high-
confidence pseudo-labels.

2.4. Student model training with knowledge distillation

The student model architecture is based on EfficientNet [16] as encoder, selected for its strong
performance-to-efficiency ratio in edge and embedded applications. To enable spatially accurate segmentation,
we pair this encoder with a U-Net—style decoder [33]], which uses skip connections to preserve fine-grained
features across multiple resolutions. The student is trained using a composite loss function that integrates two
complementary objectives: a segmentation loss to enforce agreement with high-confidence, refined pseudo-
labels, and a knowledge distillation loss to transfer richer semantic structure from the teacher. The total training
loss is formulated as:

L= Lseg 4+ ALkqg (5

where L., is the cross-entropy loss computed only over pixels where M (i, j) = 1, A is a hyperparameter
balancing the two losses, and L, is the knowledge distillation loss.

2.4.1. Segmentation loss
The segmentation loss L4 is defined as the sum of pixel-wise cross-entropy and dice loss between

the student’s predicted probability map @ and the refined pseudo-labels Y, weighted by the confidence mask
M:

Lse_q = Lce + Ldice (6)
Lee = =" M(0,9) (V(0,)10g Q(i, ) + (1 = (7, ) log(1 - Q0. ))) ™
1,7

where S(, j, ¢) is the student’s predicted probability for class ¢ at pixel (4, 7).

1— ZZiJ M(Z,j)Y(z,])Q(z’j)
S M, J)Y (i) + 32, M(3,5)QU, 5)

The Dice loss is particularly effective for handling class imbalance and improving the accuracy of object bound-
aries, which are critical for safety in autonomous driving scenarios.

®)

Ldice =

2.4.2. Knowledge distillation loss
To further enhance the student’s learning, we apply knowledge distillation (KD) in the form of Kullback-
Leibler (KL) divergence between the temperature-scaled softmax outputs of the teacher and student [17]:

1 Pi j,c
Lia= > M;;» Pijclog| =22 ©)
N & - Qijee

where P; ; . is the teacher’s softmax output, and (); ; . is the student’s softmax output. We also apply a tem-
perature scaling factor 7' to soften the logits before computing the KL divergence. This loss encourages the
student to mimic the teacher’s distribution over classes, capturing richer semantic information beyond simple
class labels.

3.  RESULTS AND DISCUSSION

We evaluated the model’s performance and reliability from several perspectives, including stability
of the teacher model, effectiveness of loss function, qualitative outcomes, comparative analysis with baseline
methods, computational efficiency, and real-world applicability through offline and online testing. To better
understand the impact of each component, we conducted a qualitative analysis of the teacher model’s pseudo-
labels before and after refinement, as well as an ablation study on the student model’s performance with and

without knowledge distillation and entropy-based confidence masking across various EfficientNet backbones
(BO, B3, BS, BY).
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3.1. [Evaluation of pseudo-label refinement

To thoroughly assess the impact of pseudo-label refinement, we conduct a series of qualitative analy-
ses comparing the teacher’s initial pseudo-labels and the results after DenseCRF post-processing. As shown in
Figure 2] In this figure, each row corresponds to a different scene, with columns representing Figure 2(a) the
original input image, Figure 2(b) the teacher’s raw pseudo-labels, Figure 2(c) the pseudo-labels after DenseCRF
refinement, and Figure 2(d) the entropy map of the teacher’s softmax predictions. The yellow boxes highlight
key regions of interest for closer comparison. The entropy maps clearly reveal areas of high predictive uncer-
tainty, indicated by brighter colors. These regions tend to cluster along object boundaries, in zones with heavy
occlusion, or within visually complex backgrounds—precisely the spots where the teacher model is least cer-
tain about class assignments. When we examine the corresponding pseudo-labels before and after refinement,
it becomes evident that DenseCRF has its most pronounced impact in these high-entropy areas. Specifically,
ambiguous or isolated pixels near boundaries are frequently “smoothed out,” with the refinement step encour-
aging these pixels to adopt the most prevalent local class. As a result, the refined pseudo-labels display cleaner,
more continuous object shapes and boundaries, improving their suitability as supervision for student training.
Despite these improvements, some challenging high-entropy regions persist, as seen in the residual label noise
or ambiguous segmentation outcomes even after refinement—particularly in areas where object boundaries
are especially complex or where the input image is highly cluttered. These persistent challenges underscore
the limitations of spatial refinement alone and suggest that further advances in label denoising or uncertainty
modeling may be necessary for even greater segmentation fidelity.

Figure 2. Qualitative analysis of pseudo-label refinement (a) input image, (b) teacher’s pseudo-labels,
(c) refined pseudo-labels after DenseCRF, and (d) entropy map of teacher’s predictions

Comparing student performance when trained on pseudo-labels before and after applying DenseCRF.
As summarized in Table[T] the use of refined pseudo-labels consistently results in improved mIoU and F1 Score
across all models. For instance, EfficientNet-B0’s mIoU improves from 81.89% to 82.57%, and its F1 Score
from 89.97% to 90.37% with refinement, while the largest evaluated model EfficientNet-B7 achieves the best
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overall metrics with 83.21% mloU and 90.76% F1 after refinement. These gains highlight how the refinement
process enhances not just the visual clarity of the labels, but also leads to more effective model training and
generalization.Nevertheless, refinement is not universally beneficial in every scenario. As illustrated by the
examples in Figure [3] with Figure 3(a) shows the original input image, Figure 3(b) shows the teacher’s raw
pseudo-labels, and Figure 3(c) shows the pseudo-labels after DenseCRF refinement, there are cases where
DenseCREF refinement fails to preserve small or uncommon objects. In the highlighted regions, rare classes
such as traffic poles or signs are often subsumed by the majority class, particularly when these objects occupy
a small number of pixels or are situated in visually complex or occluded areas. This outcome stems from the
local context-driven nature of DenseCRF, which can inadvertently erase minority details in favor of smoother
segmentations.

Table 1. Enhanced performance of student model with and without refinement
Backbone Without Refinement ~ With Refinement
mloU F1 Score mloU  FI Score
EfficientNet-BO  81.89 89.97 82.57 90.37
EfficientNet-B3 ~ 81.52 89.74 82.75 90.49
EfficientNet-B5 ~ 82.24 90.18 82.79 90.50
EfficientNet-B7 ~ 82.70 90.45 83.21 90.76

(b) (©

Figure 3. Failure cases where refinement absorbed rare or small objects (a) input image, (b) teacher’s
pseudo-labels, and (c) refined pseudo-labels after DenseCRF

3.2. Model performance evaluations

To rigorously assess our segmentation pipeline, we systematically evaluated the impact of knowledge
distillation (KD) and entropy-based masking on segmentation performance using refined pseudo-labels, focus-
ing on mean Intersection over Union (mIoU) and F1 score as primary metrics. As summarized in Table 2] in-
corporating consistently improved both mIloU and F1 scores across all backbone variants. For EfficientNet-BO,
the smallest and most resource-efficient model, there is a clear synergy when combining knowledge distilla-
tion with entropy-based filtering shows that the highest mloU (82.90%) and F1 Score (90.58%) are achieved
when the student is guided by the teacher and simultaneously shielded from low-confidence pseudo-labels at an
entropy threshold of 0.45. This suggests that, for lightweight models, restricting learning to confident predic-
tions is essential for preventing overfitting to noise, while knowledge distillation provides the semantic richness
necessary to approach teacher-level accuracy even in edge-limited settings.

The narrative is more complex with EfficientNet-B3 and BS. Notably, knowledge distillation alone,
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without any entropy masking, produces little to no improvement over the baseline, indicating that these mid-
sized models cannot reliably extract value from teacher supervision in the presence of label noise. However,
when knowledge distillation is paired with increasing entropy thresholds, both B3 and BS5 display a marked
increase in performance, peaking at 82.95% mloU and 90.61% F1 for B3 at ET 0.45, and 83.00% mloU and
90.64% F1 for BS at ET 0.35. These results highlight that, for mid-capacity architectures, the combination
of robust, high-confidence pseudo-labels and teacher-driven semantic guidance is key to achieving optimal
results. This also underscores the sensitivity of these models to the quality of supervision that too much noisy
or ambiguous data can obscure the benefits of knowledge transfer.

Table 2. Model performance with and without KD and ET

Backbone ET Without KD With KD
mloU  F1Score mloU F1 Score
EfficientNet-BO - 82,57 90,37 82,86 90,55

0.05 81,52 89,74 82,72 90,47
0.15 81,92 89,98 82,71 90,45
025 8227 90,19 82,68 90,44
035 82,02 90,04 82,66 90,43
045 82,16 90,13 82,90 90,58
EfficientNet-B3 - 82,75 90,49 82,37 90,25
0.05 8237 90,25 82,75 90,49
0.15 82,17 90,14 82,23 90,17
025 82,56 90,37 82,63 90,41
035 82,65 90,42 82,83 90,53
045 8281 90,52 82,95 90,61
EfficientNet-B5 - 82,79 90,50 82,59 90,39
0.05 82,23 90,17 82,90 90,57
0.15 82,58 90,38 82,95 90,60
025 82,06 90,06 82,95 90,61
035 82,49 90,32 83,00 90,64
0.45 82,55 90,36 82,91 90,58
EfficientNet-B7 - 83,21 90,76 83,88 91,16
0.05 82,66 90,43 83,61 91,00
0.15 82,99 90,36 83,71 91,06
025 8347 90,91 83,78 91,10
035 83,10 90,69 83,66 91,03
045 8327 90,79 83,53 90,95

The impact of entropy-based confidence masking, however, depended strongly on model capacity. For
smaller backbones such as B0 and B3, entropy masking further improved segmentation accuracy by filtering out
high-uncertainty pseudo-labels, thus reducing the risk of overfitting to noise, a trend that was most evident at
moderate threshold values. This suggests that lightweight models, being more vulnerable to label noise, benefit
from selective training on reliable supervision. In contrast, a different pattern emerged with the high-capacity
EfficientNet-B5. Omitting entropy masking and utilizing all pseudo-labels, including those with greater uncer-
tainty, led to the highest segmentation metrics. This finding indicates that larger models can tolerate or even
benefit from exposure to ambiguous regions, likely due to their superior ability to extract informative signals
and generalize from a more diverse set of training examples.

For EfficientNet-B7, the largest backbone evaluated, a different trend emerges. The model achieves its
best performance (83.88% mloU and 91.16% F1) with knowledge distillation alone and no entropy threshold-
ing, and sustains high metrics even as entropy thresholds are varied. This resilience suggests that high-capacity
models are equipped to handle the inherent noise in pseudo-labels, capitalizing on their greater representa-
tional power and capacity to learn from a diverse and even ambiguous set of training signals. For B7, addi-
tional filtering may actually reduce the beneficial exposure to challenging, informative regions that contribute
to fine-grained segmentation accuracy.

Taken together, these results reveal an important interplay between model capacity, supervision qual-
ity, and deployment considerations. While knowledge distillation is a universally valuable tool for narrowing
the performance gap between student and teacher models, but its effectiveness is highly dependent on how
supervision is delivered and the underlying capacity of the model. Applying entropy-based masking can sig-
nificantly enhance performance for smaller models by ensuring they learn from high-confidence signals, but
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may not be necessary or even beneficial for larger architectures that can handle more noise. This suggests that
the decision to apply entropy-based masking should be guided by the backbone’s representational power and
the intended resource constraints of the deployment environment. Overall, our experiments demonstrate that
the pipeline is both flexible and effective, offering strong segmentation accuracy and efficient inference for
edge-aware applications.

3.3. Edge-aware evaluation

To evaluate the suitability of our segmentation pipeline for real-world edge deployment, we conducted
an extensive resource-awareness study by simulating inference on a CPU. We use AMD Ryzen Threadripper
PRO 7965WX CPU with limited 1-4 cores configurations. For each setting, we measured the student model’s
computational requirements and inference efficiency using the following metrics: average inference time per
image, frames per second (FPS), RAM usage, and GFLOPS. Results are summarized in Table 3]

Table 3. Edge-Aware Evaluation of Student Models with Varying Cores

Backbone Metric 1 Core 2 Cores 3 Cores 4 Cores
EfficientNet-B0 Inferen Time (ms) 63.93 +2.03 38.02 £ 2.36 28.36 £ 1.72 23.83 £ 1.05
Size (MB): 68.95 FPS 15.66 + 0.48 26.39 + 1.54 3537 +£1.94 42.04 + 1.81
Parameters (M): 5.80 RAM (MB) 1015.11 + 41.79 1003.92 + 37.37 1008.54 + 33.75 1014.72 + 35.47

GFLOPS 98.45 + 3.01 165.96 + 9.68 222.43 +£12.20 264.36 + 11.38
EfficientNet-B3 Inferen Time (ms) 89.86 + 2.05 55.03 £1.93 42.21 £1.50 34.76 £ 1.22
Size (MB): 146.97 FPS 11.13 £ 0.26 18.19 + 0.65 23.72 + 0.85 28.80 + 1.00
Parameters (M): 12.48 RAM (MB) 1124.24 + 40.36 1106.92 + 31.21 1116.28 + 27.26 1125.34 + 47.58
GFLOPS 89.14 + 2.07 145.66 + 5.17 189.91 + 6.78 230.60 + 8.01
EfficientNet-B5 Inferen Time (ms) 132.28 £2.03 77.44 £ 0.41 60.34 + 1.12 49.78 + 0.44
Size (MB): 350.67 FPS 7.56 +£0.12 12.91 + 0.07 16.58 + 0.30 20.09 +0.18
Parameters (M): 30.00 RAM (MB) 1280.45 £ 51.11 1365.62 + 64.42 1340.14 + 57.63 1369.87 + 41.35
GFLOPS 90.24 + 1.39 154.11 + 0.83 197.84 + 3.56 239.75 +£2.12
EfficientNet-B7 Inferen Time (ms) 21347 +£0.95 119.06 £ 0.41 90.01 + 0.51 74.56 + 0.47
Size (MB): 757.59 FPS 4.68 +0.02 8.40 £ 0.03 11.11 + 0.06 13.41 + 0.08
Parameters (M): 65.15 RAM (MB) 1854.54 + 149.75 175195 +85.23 1896.44 + 137.14  1840.15 + 133.82
GFLOPS 91.99 £ 041 164.93 £ 0.56 218.16 + 1.22 263.39 + 1.66

The results indicate that the EfficientNet-BO model is enough to meet autonomous driving minimum
FPS (10 FPS which shows as green cells in the table) [34], achieved an inference time of 63.93 ms and 15.66
FPS on a single core, improving to 23.83 ms and 42.04 FPS with four cores. Different from the EfficientNet-BO,
the EfficientNet-B5 and B7 models, which are larger and more complex, require more computational resources,
achieving 132.28 ms and 7.56 FPS on a single core, but still reaching more than 10 FPS with two and three
cores. The EfficientNet-B3 model, which balances performance and efficiency, achieves 89.86 ms and 11.13
FPS on a single core, improving to 34.76 ms and 28.80 FPS with four cores.

Throughout all configurations, RAM usage remained largely stable for each model, ranging from ap-
proximately 1.0 to 1.8 GB indicating that increased CPU parallelism primarily affects computational speed
rather than memory footprint. GFLOPS values and parameter counts reflect each backbone’s inherent com-
plexity, EfficientNet-BO is the most lightweight at 5.8M parameters and 264.36 GFLOPS (4 cores), while B7
is the largest at 65.15M parameters and 263.39 GFLOPS (4 cores). Model sizes on disk increase accordingly,
from 68.95 MB (BO) up to 757.59 MB (B7), reinforcing the trade-off between segmentation accuracy and
resource demand.

Taken together with our quantitative benchmarking and qualitative analysis, these edge-aware de-
ployment results reinforce the adaptability and robustness of our proposed pipeline. The ability to scale from
lightweight, real-time models for constrained devices up to higher-capacity backbones for more demanding
platforms, while maintaining strong segmentation accuracy and efficient use of computational resources, high-
lights the practical value of combining pseudo-label refinement, knowledge distillation, and entropy-based
masking. Our comprehensive evaluation, spanning performance metrics, visual quality, and hardware effi-
ciency, positions this approach as a flexible and effective solution for semantic segmentation in diverse real-
world edge scenarios.
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4. CONCLUSION

In this paper, we presented a novel edge-aware semantic segmentation pipeline that leverages pseudo-
label refinement, knowledge distillation, and entropy-based confidence masking to train lightweight student
models for deployment on resource-constrained devices. Our approach systematically addresses the challenges
of noisy supervision and model capacity, enabling effective segmentation in real-world scenarios with limited
annotations. We demonstrated that our pipeline can achieve strong segmentation performance across vari-
ous EfficientNet backbones, with significant improvements in mloU and F1 scores through the use of refined
pseudo-labels and knowledge distillation. The entropy-based confidence masking further enhances model ro-
bustness by filtering out uncertain labels, particularly benefiting smaller models that are more susceptible to
noise. We also conducted extensive edge-aware evaluations, showing that our pipeline can deliver real-time or
near real-time inference on CPUs with limited core counts, making it suitable for deployment in autonomous
driving and other edge computing applications. The results indicate that even lightweight models can achieve
competitive segmentation accuracy while maintaining low computational overhead and memory requirements,
thus enabling practical deployment on embedded and IoT devices.

Overall, our findings highlight the importance of harmonizing model capacity with supervision qual-
ity and deployment constraints, paving the way for future research on adaptive label refinement, advanced
knowledge transfer techniques, and context-aware deployment strategies in semantic segmentation for edge
computing environments. By addressing the challenges of noisy labels and resource limitations, our pipeline
contributes to the development of efficient and effective segmentation solutions that can be deployed in real-
world applications, particularly in autonomous driving scenarios where safety and reliability are paramount.
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