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Abstract. In this paper, we introduce a novel class-specific noise method
designed for efficient data augmentation in the realm of road segmenta-
tion. This approach is rooted in the observation that in practical im-
age segmentation, edges area of specific class often holds higher level of
importance than interiors. Distinct from traditional data augmentation
techniques, our method tailors the generation of noise based on the spe-
cific class. Through experimental validation, we demonstrate that our
proposed approach can significantly bolster the mean intersection over
union (miou) performance of models on test datasets. Our technique
holds potential for a broad spectrum of image segmentation tasks, in-
cluding but not limited to medical imaging and road segmentation.

Keywords: Road segmentation - Image segmentation - Data augmen-
tation - Computer Vision.

1 Introduction

Image segmentation, a pivotal task in computer vision, seeks to divide an image
into distinct segments or sets of pixels, each corresponding to different objects
or features. This process is indispensable for a myriad of applications, spanning
from medical imaging to the development of autonomous vehicles. Attaining
a high degree of precision in segmentation necessitates not only sophisticated
algorithms but also an extensive and varied training dataset. Unfortunately,
the acquisition of such a comprehensive dataset is often a daunting and labor-
intensive endeavor.

In the context of road segmentation for autonomous vehicles or traffic moni-
toring systems, the discrepancy between the ideal conditions present in training
datasets and the multifaceted reality of road conditions is a significant chal-
lenge. Training datasets often feature roads that are clean, well-maintained, and
uniformly lit by either natural or well-designed artificial lighting. However, the
on-the-ground reality presents a far more complex and variable picture. As show
in Figure 1, (a) is sample of ideal road condition, while (b) is a sample of com-
plex road condition. We can see that the model act well in ideal condition, but
it fails to segment the road in complex condition, misclassified the road as plant.
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(d)

Fig.1: A demonstration of segmentation model. (a) (c) is the input image for
segmentation, (b) (d) is the segmentation output of our baseline model.

In reality, countless factors can affect the quality of road images, including but
not limited to weather, lighting, and occlusions. Consequently, models trained
on pristine datasets may falter when confronted with real-world scenarios where
road conditions are less than ideal, exhibiting varied textures and often littered
with obstructions or wear.

Data augmentation, which entails artificially expanding the training dataset
through modified versions of existing data, has emerged as an effective strat-
egy to counteract the challenges of limited data. By introducing variability and
extending the data manifold, data augmentation has consistently bolstered gen-
eralization, mitigated overfitting, and reinforced the robustness of deep learning
models.

Although data augmentation is a staple in training deep learning models,
its success often hinges on the quality of the augmentation strategy. Traditional
techniques like random cropping, rotation, and flipping, though beneficial, may
not always capture dataset-specific nuances. Take city image segmentation as
an example: often, the noise in images is class-biased, bigger class like road in
reality may particularly exposes to more occlusions that can’t be fully covered in
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image. Such nuances make traditional data augmentation methods less effective
in enhancing model performance.

Recognizing that not all data augmentation methods are equally efficacious,
we introduce a unique approach that selectively introduces noise to specific
ground truth classes interiors. By adapting the augmentation process to the
distinct characteristics of each class, our method fosters a deeper understanding
of the dataset’s intricacies, ultimately propelling improved segmentation perfor-
mance, road segmentation in context of this work.

Our contributions are summarized as follows:

1. We propose a novel class-specific noise method for efficient data augmenta-
tion, which is proven to be efficient in complex road segmentation.

2. We proposed a new dataset for road segmentation featuring a higher preva-
lence of occlusions on roadways , which aims to serve as a benchmark for
future research in high prevalence road segmentation.

3. We show that our method exhibits robust performance, enhancing the effi-
cacy of various segmentation tasks across diverse conditions.

2 Related Work

We briefly review several aspects that are closely related to this paper, i.e., road
segmentation, data augmentation and regularization.

2.1 Road Segmentation

Road Segmentation is generally considered as a semantic segmentation task, in
which deep learning is widely applied. Most of these work concentrate on the
adjusting of network structure. Existing regularization methods are not enough
to tackle the problem of road segmentation in complex environment. [1] [14] [28]
[21] [11] [23] [19][24] Some datasets are proposed for road segmentation too. [16]
25]

Image segmentation has made notable strides with the adoption of deep learn-
ing techniques, and a pivotal innovation has been the application of transformer
models. The introduction of Vision Transformer (ViT) encouraged a wave of its
different variants. [3] [26] [27] [18]

2.2 Data Augmentation

Data augmentation, which entails artificially expanding the training dataset
through modified versions of existing data, has emerged as an effective strategy
to counteract the challenges of limited data. We briefly review several aspects
that are closely related to this paper. [22]

Simple transformations

Foundational image processing techniques often encompass flipping, rotation,
cropping, and color jittering.
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Flipping stands as one of the primal data augmentation methods, finding
applicability and demonstrable utility in datasets like ImageNet and CIFAR-
10. However, its application is context-sensitive; for instance, flipping can alter
image labels, such as in the MNIST dataset, where a flipped ”9” might resemble
a”6”.

Rotation, another cornerstone of data augmentation, is predominantly har-
nessed for image classification. Modest rotations typically augment model per-
formance, allowing it to generalize better to varied orientations.

Cropping, which primarily involves extracting sub-regions from an image,
is ubiquitously utilized across image processing tasks. Contrary to translation,
cropping yields an image subset, typically smaller than the original.

Color jittering, though not elaborated here, involves random perturbations
in the color space of the image, enhancing model robustness against varying
lighting conditions and device-specific color encodings.

Noise Injection

Injecting noise into images serves as a strategy to ensure models are not
overly sensitive to minute pixel-level variations. Techniques include Gaussian
noise, salt-and-pepper noise, and speckle noise. For instance, medical imaging,
which inherently contains noise due to equipment limitations, often benefits from
noise injection as a form of data augmentation. [17]

Color space transformations
Transformations in the color space involve modifying the color representation
of an image. Techniques like histogram equalization, channel normalization, and
conversion between RGB, HSV, or LAB color spaces can induce variability in the
data. These transformations ensure models are robust against different lighting
conditions, camera sensors, and post-processing effects. [2] [12]

Kernel filters

Kernel-based filters, like Gaussian blur, sharpening, and edge-detection fil-
ters, alter image characteristics at a fundamental level. For instance, blurring
can simulate out-of-focus scenarios or atmospheric distortions. Employing these
filters as augmentation strategies can help models become resilient to varied
image qualities and capture mechanisms. [13]

Other methods

Other methods use another network to generate optimal augmentation out-
put. One way is to use netural network to ”smartly” learn an augmentation
strategy. [15] [9] [30] [7]

Neural networks are powerful at mapping high-dimensional inputs into lower-
dimensional representations. Some methods utilize this and directly augment on
the feature space.[8] [29]
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3 Methodology

Our methodology is rooted in the observation that, during the segmentation
process, inner pixels of an object are often more prone to misclassification than
its outer pixels. Consider road segmentation as an illustrative example: pixels
situated in the middle of the road exhibit more variability than those on its
edges. Standard datasets typically feature samples of roads under ideal condi-
tions—clean, consistent in texture, and unmarred by real-world imperfections.
Consequently, models trained on such datasets may falter when confronted with
real-world scenarios where road conditions are less than ideal, exhibiting varied
textures and often littered with obstructions or wear.

Addressing this challenge demands a targeted approach to data augmenta-
tion. Our strategy seeks to prompt the model to focus more on the edges of
primary classes, which are regions often overlooked due to their consistent tex-
ture. Specifically, we inject noise into the central region of these primary classes,
thereby ensuring the model does not become overly reliant on pristine and uni-
form textures during its learning process.

3.1 Class-specific noise injection

Formulations. Let us consider a matrix X of size H x W. Each pixel has been
assigned to a class in {C7,Cy, -+ ,C;}. We denote by Y the ground truth matrix
of size H x Wx where Y; ; = c if the pixel (¢,7) belongs to the class ¢ and
Y, ;.= 0 otherwise.

We denote the noise matrix as Z, which has dimensions H x W. Prior to
noise injection, it is essential to analyze the distribution of the ground truth
area. We postulate that the class with the largest ground truth area is the most
likely to suffer from insufficient generalization. Consequently, we introduce noise
to this class, determined as:

Cchosen = arg max area (Cy)

where C; represents each class in the dataset.

In our approach, we use Gaussian noise to the pixels within the chosen class
Crchosen - The core idea is to modulate the intensity of noise in relation to the
pixel’s distance from the class boundary, ensuring that areas closer to the edge re-
ceive different noise levels compared to those deeper within the class. To achieve
this, for every pixel p within Cehosen , we compute its distance d(p) from the
boundary of the class. The noise introduced to this pixel is then generated from
a Gaussian distribution N ~ N (,u, 02), scaled by the aforementioned distance.
Mathematically, the noise for pixel p is given by Noise (p) = d(p) x N. This
noise value is then added to the original pixel intensity X(i,7) to yield the
noise-injected pixel value X(i,j) = X (4,7)+ Noise (p). By modulating noise
injection in this manner, we ensure a spatially-sensitive disturbance, enabling
a more nuanced augmentation of the dataset and potentially improving model
robustness.
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To encapsulate the entire process, the noise injection can be summarized as:

’ X (3,7) otherwise

Where:

— X (4,7) represents the pixel value at position (i,j) in the noise-augmented
image.

— X (4,7) is the original pixel value at position (i,j) in the input matrix X.

— d(p) computes the distance of pixel p (which corresponds to position (i,j))
from the boundary of the class Cehosen Which has the largest ground truth
area.

- N~N (/.L,0'2) is the Gaussian noise.

— Y (4,7) represents the class assignment of the pixel at position (i,j).

— Cehosen = arg maxc;, area (C;)

3.2 Training process

During training process, an initial step involves computing the class area for each
sample and subsequently generating the noise-augmented object. Following this,
the model is trained using the noise-perturbed image. It’s crucial to highlight
that only about 30% of the training samples are chosen from noise augmented
sets to preserve the inherent information within the images. This ensures a bal-
ance between enhancing model robustness through exposure to perturbed data
and retaining the original image characteristics essential for accurate feature
learning. Too much noise could overwhelm the training process and obfuscate
meaningful patterns in the data, while too little could render the noise aug-
mentation process inconsequential. Therefore, selecting an optimal proportion
of images for noise augmentation, such as the aforementioned 30%, is pivotal in
achieving an effective trade-off between noise resilience and information fidelity.

3.3 Inference process and High Occlusions road dataset

In Inference process, the network performs a forward process without any trans-
formation applied to the images. One problem as stated before, is the lack of
validation dataset. To solve this problem, we propose a new validation dataset
composed of 200 images in city environment of various lighting, weather, oc-
clusions, etc. The dataset images are collected from Internet and annotated by
ourselves. We use this dataset to evaluate the performance of our model. The
performance of our model on this dataset is shown in section 4.2.

4 Experiments

In this section, we report image segmentation trained on CityScape[6] dataset,
which includes 5000 2048x1024 color images for training and 1500 images for
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Fig.2: A demonstration of augmented image

testing. The dataset contains 19 classes, including road, sidewalk, building, wall,
fence, pole, traffic light, traffic sign, vegetation, terrain, sky, person, rider, car,
truck, bus, train, motorcycle, bicycle. We show that our method can improve the
performance of the model on the test set and its advantages over global noise
injection.

4.1 Model Setting

In our experiment, we choose DeeplabV3[4] as our baseline model. Note that
some popular regularization techniques (i.e., weight decay, batch normalization
and dropout) and various data augmentations (i.e., flipping, padding and crop-
ping) are employed in the experiments. We use ResNet-101 as the backbone of
the model. The model is trained on the CityScape dataset. We use the Adam
optimizer with a learning rate of 0.0001. The batch size is set to 8. The model
is trained for 100 epochs. We use the miou score as the evaluation metric. We
compare our method with the baseline model and the model with global noise
injection. For global noise injection, we add a Gaussian noise to the whole im-
age. The noise is generated from a Gaussian distribution N ~ N (,u, 02), where
¢ =0 and o = 5. The noise is added to the image before the image is fed into
the model. We also used grid mask presented in [5], mask ratio is set to 0.6.

We trained the model on the CityScape dataset and evaluated it on the
validation set. The results are shown in Table 3. We trained with default setting,
with global noise and with our method.

4.2 Dbaseline Performance On Different Road Dataset

After training the baseline model, we evalute the IOU of road class on CityScapes,
GTA[20], Road[10] and our own high occlusions road dataset.
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As shown in table 1, miou on road class on normal scenarios is high enough.
To prove the capability of our method, we use our high occlusions dataset to
evaluate the performance.

Table 1: Tou of Road Class of Baseline model On Different Dataset

Dataset Overall Acc Mean Acc Freqw Acc IOU
CityScape 95.9 83.7 92.3 95.8
GTA 87.5 64.4 79.9 93.1
Road 88.7 93.2 82.2 94.1
High Occlusions 85.1 81.0 78.9 73.8

4.3 Road Segmentation Performance On high occlusions dataset

These models are trained on Cityscape dataset but evaluated on our own dataset.
As shown in table 2, our method outperform the baseline model and the model
with global noise injection.

Figure 3 shows the segmentation result of our method. We can see that our
method can segment the road in high occlusions environment.

Table 2: Result miou

Model miou
baseline 73.8
+ Global Noise 74.3
+ Grid Mask 73.8
+ Ours 81.2

4.4 Segmentation Performance On CityScape val set

As shown in table 3, our method outperform the baseline model and the model
with global noise injection. The miou score of our method is 77.5, which is 1.3
higher than the baseline model and 0.8 higher than the model with global noise
injection.

Notice that the miou data is calculated on all classes. The result shows that
our method can improve the performance of the model not only on road class, but
also on other classes. This proves that our method can improve the robustness
of the model.
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(b) Baseline (c) Ours

Fig.3: The demonstration of our model on our own dataset. (a) is the input
image, (b) is the segmentation output of baseline model, (c) is the segmentation
output of our model.

Table 3: Result miou

Model miou
baseline 76.2
+ Global Noise 76.5
+ Grid Mask 76.7
+ Ours 77.5

5 Conclusion

This paper introduces a new class-specific noise method for efficient data aug-
mentation in regularization of road segmentation. This method is easy to imple-
ment and can be used in various image segmentation tasks, experiment proves
its effectiveness in improving model’s robustness to noise and occlusions. In the
future, we will futher explore the use of this method in other tasks, such as
object detection, image classification, etc.
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