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Abstract—Data augmentation is a crucial technique for im-
proving the robustness and generalization of deep learning
models, particularly in the challenging domain of object de-
tection. However, many traditional approaches such as geomet-
ric transformations, color jittering, and noise injection fail to
replicate realistic and context-aware environmental variations.
This paper presents a depth-aware style transfer approach that
leverages depth maps to guide neural style transfer (NST),
enabling spatially consistent augmentation. By modulating the
style application intensity according to object depth, our method
generates augmented data that better preserves semantic struc-
ture. Experiments conducted on the Cityscapes dataset using
Faster R-CNN demonstrate that the proposed method improves
mean average precision (mAP) over conventional style-transfer-
based augmentation methods. We also provide an ablation study
to highlight the contribution of depth guidance and discuss
limitations and potential future directions.

Index Terms—Data Augmentation, Neural Style Transfer,
Depth Information, Object Detection, Robustness

I. INTRODUCTION

Object detection is a fundamental task in computer vision
that aims to identify and localize objects of interest within
an image or video by assigning category labels and bounding
boxes. It serves as a cornerstone for numerous applications,
including autonomous driving, surveillance, robotics, and med-
ical imaging, where accurate and reliable detection of objects
is essential for higher-level decision making. Given its im-
portance, significant research has been devoted to designing
detectors such as Faster R-CNN [1] and YOLO [2], which have
achieved remarkable progress in both accuracy and efficiency.

Despite these advancements, object detection models must
operate robustly under diverse conditions such as weather
changes, lighting variations, and scene clutter. Data augmenta-
tion is an effective way to address this challenge, which aims
to expose the models to training samples of diverse conditions,
thereby improving generalization. While conventional aug-
mentation techniques such as flipping, rotation, scaling, and
synthetic corruptions have proven beneficial, they are limited
in their ability to capture realistic environmental changes that
reflect both visual appearance and spatial context.

Neural style transfer [3] enables the synthesis of images by
combining the structural content of one image with the visual
style of another, which can be used as an advanced approach
for data augmentation. However, applying style transforma-
tions uniformly across the image may distort the underlying

geometry, resulting in unrealistic textures on foreground ob-
jects or background elements. In this work, we address this
shortcoming by incorporating depth information into the style
transfer process, enabling depth-aware modulation of style
intensity.

II. RELATED WORK

Advanced augmentation methods such as AutoAugment [4],
AugMix [5], and OA-DG [6] improve robustness by algo-
rithmically selecting or mixing transformations. Style-based
augmentations have emerged as an effective way to simulate
domain shifts, but they often overlook geometric consistency.
AdaIN [7] accelerates arbitrary style transfer by aligning
feature statistics, and monocular depth estimation methods [8]
provide per-pixel geometry cues useful for preserving spatial
relationships in augmented images.

In object detection, robustness benchmarking [9] has shown
that augmentations simulating real-world variations can signif-
icantly reduce performance degradation. Our approach builds
upon these insights by directly integrating depth priors into
the augmentation process.

III. PROPOSED METHOD

A. Concept and Motivation

Our goal is to produce augmented datasets that are not only
visually diverse but also spatially coherent. To achieve this,
we extract depth maps from the original images and modulate
the style intensity based on relative depth. This ensures that
style patterns are applied more strongly to distant background
regions while preserving texture fidelity on closer, foreground
objects that are critical for detection accuracy.

B. Depth-aware AdaIN Transformation

Given content features F l
c and style features F l

s at CNN
layer l, and depth weights wd derived from the normalized
depth map, we define the transformation as:

F̂ l = wd · σ(F l
s)

(
F l
c − µ(F l

c)

σ(F l
c)

)
+ µ(F l

s)

where µ(·) and σ(·) denote mean and standard deviation.
Depth weighting prevents over-stylization of important object
regions, thereby preserving their shapes and boundaries.
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C. Implementation Details

We implement our pipeline in PyTorch, utilizing pre-
computed depth maps from the Cityscapes dataset [10]. The
detector is Faster R-CNN [1] with a ResNet-50 backbone,
trained with stochastic gradient descent. Style images are
drawn from multiple domains to simulate diverse environmen-
tal styles.

IV. EXPERIMENTS

A. Experimental Setup

We evaluate on the Cityscapes validation set, comparing
our method against StylizedAug [9], AutoAugment [4], OA-
DG [6], and AugMix [5]. We also perform an ablation study
to quantify the effect of depth guidance.

B. Quantitative Results

Table I shows that our method achieves a +1.87 mAP
improvement over StylizedAug, demonstrating the advantage
of depth-awareness in style-based augmentation.

TABLE I
COMPARISON WITH STYLE-TRANSFER-BASED AUGMENTATION

Method mAP
StylizedAug 36.30
Ours 38.17

Table II presents a broader comparison. While OA-DG [6]
and AutoAugment [4] achieve higher overall mAP, our method
remains competitive and outperforms the other style-transfer-
only baselines which includes StylizedAug [9].

TABLE II
MAP COMPARISON WITH STATE-OF-THE-ART METHODS

Method mAP
AutoAug 42.40
OA-DG 43.40
AugMix 39.50
StylizedAug 36.30
Ours 38.17

C. Qualitative Results

Fig. 1 shows that our augmentation maintains realistic object
boundaries and scene geometry while altering visual style.

D. Ablation Study

When depth guidance is disabled, mAP drops by more
than 1.5 points, confirming that spatially-aware stylization
contributes to performance gains. We also observe that overly
aggressive style application can harm detection accuracy, un-
derscoring the importance of depth-modulated blending.

Fig. 1. Example detection results on Cityscapes: (top) original image,
(bottom) depth-aware style-transferred image with detection output.

V. CONCLUSION AND FUTURE WORK

We introduced a depth-aware style transfer method for
robust object detection data augmentation. By combining the
strengths of neural style transfer and depth-guided modulation,
our approach produces realistic and spatially coherent aug-
mentations. Future work includes integrating our method with
other augmentation frameworks (e.g., AugMix) and evaluating
on diverse datasets to further validate generalization.
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