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Fig.1: Performance and visual comparison. (left) Accuracy vs. cost on
KITTI [12]. (right) Cityscapes [6]: sharper boundaries and robust dynamic depth.

Abstract. Self-Supervised Monocular Depth Estimation (MDE) has
garnered attention in recent years due to its independence from ground
truth. However, most existing models are limited to a single scale and ex-
hibit considerable performance degradation in complex driving environ-
ments. Networks specifically designed to handle dynamic traffic partici-
pants tend to be overly complex, hindering their deployment on resource-
constrained automotive edge devices. To address these limitations and
move towards robust driving perception, we propose FlexDepth, a scale-
driven and flexible family of self-supervised MDE models tailored for
challenging road scenarios. FlexDepth employs a two-stage static-dynamic
decoupled training strategy, enabling the independent assessment of con-
fidence for both static backgrounds and dynamic road objects. Further-
more, it introduces a meticulously designed Scale-Driven Decoder (SDD)
to dynamically select components based on scale size, facilitating effi-
cient feature fusion and the output of high-precision depth maps. Ex-
tensive experiments on standard driving benchmarks demonstrate that
without any auxiliary information, our model achieves state-of-the-art
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performance across arbitrary scales with minimal computational over-
head. Our smallest model, Flex-Nano, requires only 0.7 GFLOPs and
achieves 37.6 FPS on mobile platforms, ensuring reliable real-time per-
ception while maintaining excellent zero-shot generalization. Our source
code is avalible: https://github.com/startnew/flexdepth

Keywords: Monocular Depth Estimation - Dynamic environments -
Scale-Driven

1 Introduction

Monocular depth estimation aims to recover 3D scene geometry from a single
image and plays a fundamental role in autonomous driving, robotic navigation,
and Unmanned Aerial Vehicle (UAV) perception. Due to the scarcity of dense
ground-truth depth in real-world scenarios, self-supervised approaches [11,14,16,
42,51] have gained significant attention. These methods construct supervision
from stereo pairs [11,13, 15] or monocular video sequences [14,42,55], enabling
scalable learning without explicit depth labels. Early models often rely on single-
scale designs [1,20,39] and degrade notably in dynamic scenes [57]. Later works
improve global reasoning by adopting Vision Transformers [33,55] or diffusion
priors [17,21,34], but at the cost of substantially increased model complexity
and inference latency.

To reduce computational overhead, lightweight architectures have been ex-
plored [18,28,51,55,57]. Zhang et al. [51] combined CNN and Transformer mod-
ules, while Chen et al. [4] introduced a lightweight shuffle and purification frame-
work. However, these designs often compromise structural fidelity, particularly
around thin structures and object boundaries, and still struggle in dynamic envi-
ronments. Since most self-supervised methods rely on photometric reprojection,
moving objects violate static-scene assumptions and degrade supervision quality.
Existing attempts include motion disentanglement [2,10,42,43], semantic or flow
assistance [18,23,25, 30, 37], and cross-dataset or pseudo-label training strate-
gies [27,49, 53]. Although Nimbled [27] enhances supervision via pseudo-label
refinement and large-scale video pretraining, these approaches typically intro-
duce additional priors, auxiliary tasks, or complex pipelines, limiting flexibility
and deployment efficiency.

Parallelly, supervised foundation models like Metric3D [48] and Depth Any-
thing V2 [45] have set new benchmarks in zero-shot generalization. However,
their reliance on massive curated datasets and heavy backbones limits their
deployment in resource-constrained environments. In contrast, self-supervised
frameworks offer superior flexibility and environmental adaptability. Neverthe-
less, existing lightweight self-supervised designs struggle to maintain structural
fidelity, particularly near object boundaries, and exhibit poor robustness in dy-
namic environments such as driving scenes where moving objects violate the
static-camera assumption. Current solutions for handling dynamic scenes typi-
cally introduce auxiliary tasks or complex pipelines, which limit their deployment
capabilities on edge devices. Thus, improving robustness and scalability within


https://github.com/startnew/flexdepth

2. RELATED WORK 3

lightweight self-supervised frameworks remains an important complementary di-
rection.

Consequently, a key question arises: can self-supervised monocular depth es-
timation narrow the robustness gap with large supervised models while preserving
lightweight design and data efficiency? Addressing this requires jointly reconsid-
ering architectural scaling and dynamic-scene handling within a unified optimiza-
tion framework rather than relying on larger backbones or external supervision.

To this end, we propose FlexDepth, a family of scale-driven self-supervised
monocular depth models that balance architectural efficiency with robustness
in driving scenarios. Unlike traditional lightweight decoders that rely on simple
upsampling methods, we propose a Scale-Driven Decoder (SDD). The SDD adap-
tively selects its constituent components to enhance feature fusion and yield high-
precision depth maps. Furthermore, this paper introduces a two-stage static-
dynamic decoupled training strategy to disentangle dynamic driving environ-
ments from static backgrounds. By performing separate confidence assessments,
our approach achieves superior robustness in highly dynamic environments. Fig.
1 illustrates the core contributions of our work. The FlexDepth model family
achieves state-of-the-art performance on the KITTI [12] dataset with low com-
putational overhead and reduced inference latency.

Our contributions are summarized as follows:

— We propose FlexDepth, a scale-driven family of lightweight self-supervised
depth models that systematically study accuracy—efficiency trade-offs while
maintaining robustness in dynamic driving environments.

— We design a two-stage static-dynamic decoupled training strategy that en-
ables independent confidence assessments for static backgrounds and dy-
namic objects, thereby providing more effective guidance for the training of
the depth prediction network.

— A novel Scale-Driven Decoder (SDD) is introduced to facilitate efficient in-
ference and precise depth mapping, supporting scalable deployment on edge
devices according to specific scene requirements.

2 Related Work

2.1 Self-Supervised Monocular Depth Estimation

Owing to the limited availability of high-quality ground-truth depth data, self-
supervised monocular depth estimation has attracted considerable research in-
terest. Garg et al. [11] first formulated the task as a novel view synthesis prob-
lem using stereo imagery. Subsequently, a series of studies have been proposed,
such as designing robust loss functions [36, 50, 54], incorporating auxiliary in-
formation during training [22,41], and introducing additional geometric con-
straints [24,47]. Godard et al. [14] further advanced the field with Monodepth2,
which introduced a per-pixel minimum reprojection loss to handle occlusions and
a multi-scale sampling strategy to recover finer details. Recently, Zhang et al.
[53] proposed Hybrid-depth, a framework that leverages large-scale multimodal
backbones (CLIP [32] and DINO [3,31]) .
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2.2 Efficient Architecture Design

Building upon the advancements in self-supervised monocular depth estima-
tion, a growing research direction has focused on developing lightweight mod-
els [5, 40, 51, 57] to overcome the computational bottlenecks associated with
deploying these systems on resource-constrained edge devices. Lyu et al. [28]
adopted MobileNetV3 and a Feature Fusion Squeeze-Excitation module, while
Zhou et al. [57] introduced R-MSFM with a parameter-sharing decoder to cut
training parameters. Zhang et al. [51] combined CNN and Transformer using
dilated convolution and cross-channel covariance attention. Chen et al. [4] im-
plemented global feature purification by operating in the frequency domain.
However, these models often sacrifice structural accuracy or incur high compu-
tational costs, failing to balance performance and lightweight design. Moreover,
they struggle in dynamic environments, thereby limiting their robustness in au-
tonomous driving scenarios.

2.3 Adaptation to Dynamic Environment

Constrained by reprojection loss, mitigating the impact of dynamic objects on
model training has become a challenge in self-supervised approaches. To address
this issue, Monodepth2 [14] introduced an auto-masking mechanism, which, how-
ever, is only effective for objects moving at the same velocity as the observer.
Other methods integrate depth estimation with semantic segmentation [10,29]
or optical flow [18,23,25,30,37], but they struggle in unfamiliar scenes and can-
not eliminate side effects like shadows or motion blur. Recently, Zhang et al. [52]
proposed the DSI framework to address these issues, yet its reliance on empirical
hyperparameters restricts generalization. Furthermore, most of these approaches
rely heavily on computationally expensive backbones and external priors, which
hinders their efficient deployment on resource-constrained edge devices.

3 Method

This paper introduces a scale-driven family of flexible self-supervised monocular
depth estimation models, termed FlexDepth, designed for dynamic driving envi-
ronments. Fig. 2 shows the proposed architecture. The FlexDepth model family
comprises five models across varying scales—Nano, Small, Medium, Large, and
X-Large—tailored for flexible edge-side deployment based on specific resource
constraints. Central to this architecture is our Scale-Driven Decoder (SDD),
which adaptively selects specific modules and training pipelines corresponding
to each model scale. Furthermore, the training process is structured into two dis-
tinct stages: the first stage optimizes the pose and depth networks to establish
a lightweight yet efficient framework. In the second stage, a simple yet effective
static-dynamic decoupled mask is introduced to facilitate the retraining of the
depth network. This decoupling enhances the model’s representational power
in dynamic driving scenes, ultimately yielding superior robustness and environ-
mental adaptability without compromising efficiency.



3. METHOD 5

—> Data Flow

-==»  Skip Connection

Latent Feature Early Epoch

[\] Encoder

Frozen Weight

Dynamic Mask
Generation

ﬁ

YOLO;V\‘

Last Epoch

/\q Model Checkpoint & >
’ A | |
D< Retaln) Pose Transformation

@’@
New Epoch

; Image
HH Reconstruction
Image
Reconstruction
Optimizatic

Frozen PoseNet

) >

Scale-Driven Decoder (SDD)

Fig.2: FlexDepth system overview. FlexDepth implements a two-stage train-
ing pipeline. In the first stage, both the Depth Prediction Network and the PoseNet
are optimized simultaneously. The second stage focuses on dynamic scene refinement,
where motion-induced epoch-wise inconsistency is leveraged to generate dynamic ob-
ject masks. Subsequently, the Depth Prediction Network is optimized using the frozen
PoseNet.

3.1 Motivation and Analysis

In the field of lightweight self-supervised monocular depth estimation, research
has primarily focused on encoder design [4, 14, 51], while decoders are often
marginalized with simplified feature fusion and upsampling methods. Although
encoders can extract rich representations, the inductive bias inherent in U-
Net-like architectures acts as a bottleneck, limiting the transformation of low-
resolution abstract features into precise depth maps. We argue that the decoder
is equally crucial for overall performance gain. To this end, we revisit decoder
construction and propose the Scale-Driven Decoder (SDD), which dynamically
selects model components and training strategies based on varying model scales.
Furthermore, from the perspectives of upsampling and feature integration, we
demonstrate that models of different scales exhibit distinct dependencies. This
highlights the rationality and superiority of SDD compared to single-scale, fixed-
component architectures. Our approach ultimately achieves real-time inference
of high-precision depth maps.

The processing of dynamic scenes has emerged as a prominent research area in
recent years. However, most existing models [29,30,37,43] for handling dynamic
environments exhibit high computational complexity or require extensive prior
knowledge, posing significant challenges for deployment in resource-constrained
settings. By adopting a two-stage training approach complemented by a simple
yet efficient static-dynamic decoupled mask, our method evaluates confidence
levels for static and dynamic regions separately, enabling precise distinction be-
tween them.
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3.2 Depth Prediction Network

Depth Encoder. We adopt a standard multi-scale feature extraction archi-
tecture based on YOLOv11 [19] as the depth encoder. Given an input image
I € REXWX3 the encoder progressively generates five feature maps through
successive downsampling operations, with spatial resolutions ranging from % to
% of the original input size.

Depth Decoder. Conventional approaches [4,14,51] typically follow a pipeline
of “pre-convolution — upsampling — concatenation — post-convolution”. Most
lightweight tasks often prioritize this pipeline, which applies convolution kernels
prematurely before scale restoration to reduce computational overhead. How-
ever, this forces the compression of already sparse global semantic information,
leading to the irreversible loss of critical depth cues before spatial expansion
occurs. This typically manifests as blurred object boundaries in depth maps
and a failure to predict small-scale objects. We rethink this fixed pipeline in
lightweight networks, maintaining that the pursuit of efficiency should not come
at the cost of global semantic information in deep features. Consequently, we
remove the pre-convolution stage entirely, shifting our design focus toward up-
sampling methods U, post-convolution C, and the prediction head P. The depth
map D generation process in our revised pipeline can be formulated as follows:

Di = P{C(COHC&t[Zx{(Fi+1)7Fencyi])}, (].)

where F;; is the (¢ + 1)-th layer decoder feature, and Fe,.; is the i-th layer
encoder. They are concatenated via a skip connection. The implementation of
the FlexDepth model across different scales varies specifically in terms of C, U,
and P. We begin by introducing these three key components.

Post-Convolution C. Since the pre-convolution module has been removed,
the design of the post-convolution module becomes particularly crucial. Drawing
inspiration from [19], we designed a combination of two types of Bottleneck units
(B): the High-Efficiency Bottleneck (HEB) and the High-Performance Bottleneck
(HPB). The output of each HEB layer is concatenated into the final output. This
dense connection shortens the path for gradient backpropagation, making the
model easier to train. HEB is particularly suitable for small scale models that
prioritize gradient flow richness and stability. Given the input feature X and the
uniform split operator S, the output X,,; can be represented as:

[fa, fo] = S(Conv(X)), (2)
Fl:Bl(fa)7F2:BQ(Fl)a'"7Fn:Bn(Fn—1)’ (3)
Xout = Conv(Concat|fa, fo, F1,- -+, Fnl). (4)

On the other hand, the core logic of HPB is similar to that of HEB. The pri-
mary distinction lies in the replacement of the standard Bottleneck unit B with
a bottleneck block B¥ featuring a Cross Stage Partial (CSP) structure. Further-
more, the feature concatenation logic places greater emphasis on modular CSP
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fusion. This approach offers the advantage of capturing finer-grained local fea-
tures, thereby enhancing model performance without significantly increasing the
computational overhead. The process of B* is illustrated as follows:

B¥(z) = Conv(Concat]| H (Conv(z)), Conv(x)]), (5)

where [] denotes the sequential composition of bottleneck layers. To distinguish
from the outer block B;, B;- represents the minimal convolutional unit within
the internal CSP structure.

Upsampling Operation . Inspired by [26], we develop a dynamic upsam-
pling approach tailored for models across various scales. Traditional lightweight
upsampling methods based on simple bilinear interpolation are inherently content-
agnostic; they apply fixed upsampling weights to every region of an image, re-
gardless of whether it is a smooth background or a complex edge, which fre-
quently results in blurred boundaries. Furthermore, as a form of simple weighted
averaging, bilinear interpolation exerts a low-pass filtering effect that suppresses
high-frequency information, leading to halo artifacts or blurring at object con-
tours.To address these limitations, we implement a two-stage process for each
scale: offset generation and dynamic resampling. By leveraging a convolutional
layer to predict upsampling offsets AP dynamically, the model can adaptively
determine the optimal sampling locations from the original feature map based
on semantic content, such as object silhouettes. By integrating a sampling grid
with these predicted offsets, we achieve non-uniform upsampling, thereby gener-
ating sharper and more accurate structural boundaries. The general procedure
for the dynamic upsampling operation U is formulated as:

2-(C+ AP)
Norm

where C denotes the uniform sampling grid coordinates, Norm represents the
normalization factor, and s is the upsampling scale factor. PS refers to the
Pixel Shuffle operator, which transforms the predicted offset information into
the spatial coordinate dimension. GS stands for the Grid Sample function, which
performs bilinear interpolation based on the calculated coordinates.

It is worth noting that for larger models, we experimentally employ an in-
verted upsampling prediction head P, which reverses the traditional sequence of
prediction followed by upsampling. The rationale is that high-channel features
maintain structural and semantic consistency after upsampling, thereby enabling
subsequent prediction convolutions to generate high-quality outputs more accu-
rately. Conversely, smaller models adhere to the traditional paradigm to preserve
real-time inference speeds on resource-constrained devices.

In summary, FlexDepth (Nano/Small) utilize a Post-Convolution C based on
HEB, the dynamic upsampling operator U/, and a traditional prediction head P.
Conversely, the Medium, Large, and X-Large versions adopt a Post-Convolution
C based on HPB, the dynamic upsampling operator I/, and an inverted prediction
head P.
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3.3 Two-Stage Static-Dynamic Decoupled Training

Recent research in dynamic environments has demonstrated that dynamic re-
gions exhibit significantly higher predictive instability during the training pro-
cess. Despite this observation, most existing methodologies rely heavily on com-
plex network architectures and extensive prior knowledge, which inherently lim-
its their potential for lightweight deployment. Inspired by the work of Zhang et
al. [52], we propose a static-dynamic decoupling approach. A fundamental lim-
itation of [52] lies in its reliance on a fixed threshold for region differentiation.
In real-world applications, the proportion of dynamic objects varies significantly
across different scenes and individual frames. Consequently, methodologies that
depend on dataset-wide statistics lack the necessary robustness to generalize
across diverse and unpredictable environments. We employ a two-stage training
strategy to achieve robustness in dynamic scenes without introducing additional
architectural complexity or requiring prior environmental knowledge. At its core,
our method focuses on the retraining of the depth prediction network to better
handle temporal inconsistencies. Specifically, the training instability of dynamic
regions is characterized by the discrepancy between the model’s outputs dur-
ing the early and late stages of training. While the predicted depth of static
backgrounds remains relatively consistent throughout the training process, dy-
namic regions exhibit significant fluctuations. To address this, we designed the
Static-Dynamic Decoupled Mask to effectively decouple the static and dynamic
components of the environment, thereby enhancing the model’s overall stability.

In the initial stage, we simultaneously train the depth prediction network
and the pose estimation network. However, due to the inherent predictive insta-
bility of moving objects, their depth outputs exhibit significant variance between
early and late training epochs, whereas static backgrounds remain relatively con-
sistent. To leverage this instability for decoupling, we compute disparity maps
using weights from the initial (disp;) and final (disp;) epochs of the first stage.
The core of the second-stage training involves constructing a static-dynamic de-
coupled mask M to recalibrate the confidence assessments for dynamic objects
and the static background:

M = [|disp] — disp)'| < g(&(fs,. fo))], (7)

where S is set to 0.7, [-] means the Iverson bracket. g(¢(fs,, fs,)) serves as an
adaptive thresholding function. Specifically, ¢ measures the structural evolution
between early-stage (fs,) and late-stage (fs,) feature representations, while g
(See Appendix) maps these variances into a pixel-wise threshold space. This
mechanism allows the network to dynamically adjust its sensitivity: in regions
with high semantic complexity or rapid motion, the threshold adapts to ensure
that only stable, static pixels contribute to the subsequent confidence evalua-
tion. Our method essentially conducts a refined retraining of the depth network,
achieving superior robustness in highly heterogeneous dynamic environments
without any additional inference overhead.
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3.4 Pose Network and Self-Supervised Training

Following the self-supervised paradigm [14, 56], we jointly optimize the depth
and pose networks through photometric consistency without ground truth su-
pervision. Concretely, our PoseNet adopts a ResNet-18 encoder with a four-layer
decoder to predict the relative 6-DoF pose transformation P;_,; between adja-
cent frames.

To train the networks, we warp the source image I into the target view to
generate the reconstructed image I, according to the predicted depth D, and
pose P;_.:

I, = I (proj(Dy, Pi—s, K)), (8)

where () denotes the differentiable bilinear sampling operator following [14].
The photometric error is formulated as:

1 — SSIM(I,, I, .
£, =t 2T |y oy, - gy, (9)

where a = 0.85 by default. To handle occlusions and moving objects, we employ
the minimum reprojection loss with auto-masking [14]:

L, = p-min L, (I, I), (10)

where 1 excludes pixels with inconsistent photometric errors. We also adopt the
edge-aware smoothness loss [13] to regularize the predicted depth:

Lsmooth = ‘azdﬂe_‘amltl + |ayd:|€_|ayjt|a (11)

where d} denotes the mean-normalized inverse depth. The total loss for the first
training stage is:

1
Lraw=7 Y. (Lr+ALemoown), (12)

se{1,3,1,3}

where A = 0.001 by default.
In the second stage, with the static-dynamic decoupled mask M obtained
from Sec. 3.3, we incorporate the masked normal distribution loss [52]:

L2
L. — M. [log(a 1) ;05} , (13)

where A\ = 0.5 and o is predicted by a variance network. We further apply
geometric depth smoothing [52]:

Laps = |0pdi|e” %1 4 [n(1 — M) + M)|d,d;|e™ 101!, (14)

with i = 100. The final loss is formulated as Liota = ﬁ > (Lm +vLaps)-
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Table 1: Quantitative Results on the KITTI [12] (Eigen split [8]) and Cityscapes [6]
datasets. The input resolutions are 640 x 192 for KITTI and 416 x 128 for Cityscapes.
M: monocular videos, M+Se: monocular videos + semantic segmentation, T.F.: test
input frames, Bold denotes the best result.

Depth Error| Depth Accuracy?

b Method Year T.F. Data . polgq Rel RMSE RMSE log 6 < 1.25 § < 1,252 6 < 1.25° F LOPs:(G)}
Monodepth2 [14] 2019 1 M 0.15 0.903 4863 0193  0.877 0959  0.081 8.0
Lite-Mono-Tiny [51] 2023 1 M  0.110 0.837 4710 0187 0880 0960  0.982 2.8
LiteMono-Small [51] 2023 1 M 0110 0802 4671 086  0.879 0961  0.982 47
Lite-Mono [51] 2023 1 M 0107 0.765 4561 0183 088 0963  0.983 5.0

PuriLight [4] 2026 1 M 0106 0747 4536 0182  0.890 0.964  0.984 7.1
Flex-Nano (Ours) 2026 1 M 0110 0.794 4678 0.84 0878 0.961  0.983 0.7

., Flex-Small (Qurs) 2026 1 M 0.104 0.713 4458 0.179  0.890  0.964 _ 0.983 2.8

B~ Dite-MonoSM 1] 2023 1 M 0101 0729 445 0175 0897 0965  0.983 2

E  GeoDepth |44 2025 1 M 0100 0694 4.381 0176 0897  0.966  0.984 11.9

¥ TinyDepth [3] 2024 1 M 0096 0.665 4240 0.171 0904 0.968  0.985 133

Flex-Medium (Ours) 2026 1 M 0096 0.639 4.253 0.172 0903 0.968  0.985 10.0
Flex-Large (Ours) 2026 1 M  0.095 0.642 4199 0.171 0.906 0.968  0.984 115
MonoVit [55] 3022 1 M 0009 0708 4372 0175 0000 0.967  0.084 5.7
FGTO [29] 2024 1 M+Se 0096 0696 4327 0174 0904 0.968  0.985 59.7
DSI-MonoViT [52] 2025 1 M 0096 0711 4321 0172 0905 0968  0.984 59.7
Self-Distillation [19] 2025 1 M  0.095 0.619 4.156 0.69  0.905 0.969  0.985 64.5
Flex-X-Large (Ours) 2026 1 M  0.093 0.605 4.114 0.167 0.910 0.969  0.985 24.6
ManyDepth [42] 2021 2(-1,0) M  0.14 1103 6223 0170 0875 0967  0.989 121
DynamicDepth [10] 2022 2(-1,0) M+Se 0.103 1.000 5.867 0.57  0.895 0974  0.991 18.5+
PuriLight [4] 2026 1 M 0099 1.014 5802 0153 0901  0.976  0.992 5.7

£ FlexNano (Ours) 202 1 M 0107 1261 6133 0164  0.893 0971  0.989 0.6

£ Flex-Small (Ours) 2026 1 M 0100 1078 5813 0.153 0904 0.975 0991 2.2

£ Flex-Medium (Ours) 2026 1 M 0.08) 0.885 5.358 0143  0.917 0979  0.993 8.0

& Flex-Large (Ours) 2026 1 M  0.087 0011 5310 0.139 0924 0.981  0.993 9.2

ProDepth [13] 3004 2(1,0) M 0095 08576 5531 0.146 0008  0.075  0.993 355
MonoViT [55] 2022 1 M 0114 1238 6589 0174 0860  0.965  0.990 a7
FGTO [29] 2024 1 M+Se 0096 0930 5806 0.52 0905 0.976  0.992 a7
Self-Distillation [49] 2025 1 M 0118 1.091 6.076 0.173 0854  0.960  0.988 4774
DSLMonoViT [52] 2025 1 M  0.088 0.872 5410 0.41 0918 0981  0.993 477
Flex-X-Large (Ours) 2026 1 M  0.086 0877 5.268 0.137 0.926 0.982  0.993 19.6

4 Experiments

4.1 Datasets

Following standard evaluation protocols, we validate our proposed method across
three benchmark datasets. Specifically, the KITTI [12] and Cityscapes [6] datasets
are utilized as domain-specific driving scenarios to evaluate the performance
of our model within dynamic urban environments. To assess the generaliza-
tion capabilities of FlexDepth, we conduct zero-shot evaluation on the Make3D
dataset [35]. It is important to note that all training is performed using un-
labeled video frames exclusively. Our approach does not rely on any auxiliary
data, such as semantic labels, optical flow, or textual descriptions, ensuring an
entirely self-supervised learning pipeline.

KITTI [12] Dataset. We adhere to the Eigen split [§] following established
practices [14,56], with 39,180 training images, 4,424 validation images, and 697
test images at a resolution of 640x192.

Cityscapes [6] Dataset. This dataset comprises a variety of dynamic sce-
narios and functions as the principal benchmark for evaluating dynamic models.
We use 58,335 training images and 1,525 testing images provided by [10] at a
resolution of 416 x128.
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Fig. 3: Qualitative evaluation on Cityscapes [6]. Our method is compared to
dynamic scene handlers DSI [52] and ProDepth [43].In the error maps, blue indicates
smaller errors and brighter red indicates larger ones. Our FlexDepth framework con-
sistently yields more accurate depth with significantly reduced errors.

Make3D [35] Dataset. It comprises 134 test images of outdoor scenes,
commonly used to evaluate MDE generalization. To assess our method’s gen-
eralization capability, we directly apply the KITTI-trained model (640x192) to
this dataset and report detailed evaluation metrics.

4.2 Specific Details in Training

We train all models using the NAdam optimizer [7]. Both datasets undergo
a two-stage training process. In the first stage, the depth prediction network
and PoseNet are trained. The second stage focuses on training the dynamic
region processing capability. For the KITTI [12] dataset, the two stages are
trained for 30 and 20 epochs respectively, while for the Cityscapes dataset, they
are trained for 30 and 10 epochs respectively. We employ distinct learning rate
schedulers for each phase: Stage 1 utilizes a step scheduler with a step size of 15
and a decay factor of 0.1, whereas Stage 2 adopts an ExponentialLR scheduler
with a decay factor of 0.8. For the Nano/Small models with a batch size of 12,
the initial learning rates for the encoder and decoder are set to 5e-5 and le-
4, respectively. For the Medium/Large/X-Large models with a batch size of 6,
both initial learning rates are set to 5e-5. All experiments are conducted using
NVIDIA GPUs (RTX 4090 and RTX 2080 Ti). On the RTX 4090, our largest
model (X-Large) requires approximately 10 hours to complete 50 epochs on the
KITTI [12] dataset.

4.3 Experiment Results

Table 1 presents the quantitative results on the KITTI [12] and Cityscapes [6]
datasets. The evaluation metrics adopted are the seven commonly used indi-
cators proposed in [9], namely Abs Rel, Sq Rel, RMSE, RMSE log, 6 < 1.25,
§ < 1.252, and § < 1.25%. We compare representative multi-scale models ranging
from lightweight to heavy configurations. For the KITTI [12] dataset, models
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Fig.4: Qualitative comparison on KITTI [12]. Our method is compared with
Monodepth2 [14], MonoVit [55], and Lite-Mono [51]. The proposed FlexDepth demon-
strates superior performance in preserving fine details and structural integrity, partic-
ularly in challenging scenarios with complex object boundaries and textureless regions.

are categorized into three scales (0-9.9, 10.0-20.0, and above 20.0 GFLOPs).
Since methods on the Cityscapes dataset are generally more complex, we define
two scales (0-19.0 and above 19.0 GFLOPs). As shown in the Table 1, our ap-
proach achieves the lowest computational cost and state-of-the-art performance
across all scales. Our smallest model, Flex-Nano, with only 0.7G FLOPs, deliv-
ers superior results compared to Lite-Mono [51]’s Tiny (2.8G) and Small (4.7G)
versions. In the large-model category, our Flex-X-Large sets new state-of-the-art
performance on both datasets.

The qualitative results on the two datasets are presented in Fig. 3 and Fig.
4, respectively. It can be observed that Flex-Medium and Flex-X-Large exhibit
extensive receptive fields along with finer object contours and detailed textures.
Particularly in highly dynamic scenarios, our model demonstrates strong adapt-
ability, highlighting its superiority. As summarized in Table 5, we conduct a
decoupled evaluation of dynamic regions and static backgrounds. The results
demonstrate that, compared to existing methods relying on heavy backbones or
complex network architectures, our Flex-X-Large variant achieves a substantial
performance boost in dynamic areas while maintaining the lowest computational
overhead. Notably, our approach achieves these results without any reliance on
auxiliary information, such as pixel-wise motion fields or pseudo-depth maps.
This demonstrates the inherent superiority of our architecture in handling com-
plex, non-rigid scenes through a purely self-supervised pipeline. We provide a
comparison with the foundation model in the Appendix.

Zero-Shot Cross-Dataset Generalization. To evaluate the zero-shot gen-
eralization capability, we conducted a cross-dataset evaluation on the Make3D [35]
benchmark using a model trained exclusively on the KITTI [12] dataset. As
shown in Table 3, FlexDepth demonstrates superior cross-dataset generaliza-
tion. This exceptional transfer learning performance underscores the robustness
and domain-invariant characteristics of the representations learned by our model,
validating its potential applicability across diverse real-world scenarios.
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Table 2: Ablation experiments on model architectures. Legend: C: v=HPB, o=HEB.
U: v'=dynamic upsampling, o=bilinear. P: v'=inverted head, o=conventional head.
Dynamic: v'=static-dynamic decoupled mask M, o=fixed threshold, x=w/o stage-2.
F.=FLOPs, P.=Params..

Decoder . Depth Error | Depth Accuracy 1
ID oy p Dynamic FA(G) PM) x 0 gl Sq Rel RMSE RMSE log 6 < 1.25 6 < 1.25% § < 1.25°
1 ov Vv v 24.0 32.0 0.093 0.614 4.188 0.169 0.907 0.969 0.985
2 vV oV v 24.3 323 0.094 0.627 4.204 0.169 0.906 0.968 0.985
3 VvV o v 24.3 323 0.094 0.631 4.205 0.170 0.906 0.968 0.985
4 v vV X 24.6 323 0.100 0.729 4.431 0.175 0.900 0.967 0.984
5 VvV VY ° 24.6 323 0.093 0.629 4.195 0.170 0.909 0.968 0.985
6 v v v v 24.6 323 0.093 0.605 4.114 0.167 0.910 0.969 0.985

4.4 Ablation Experiment

The ablation results for all components are summarized in Table 2. For con-
sistency, all experiments are conducted using the Flex-X-Large variant under
identical training protocols.

Impact of Post-Convolution Modules (ID 1 vs. 6): As observed, em-
ploying the HEB-based post-convolution module slightly reduces computational
overhead but results in a marginal performance degradation. This suggests that
larger models are better suited for the HPB structure.

Dynamic Upsampling (ID 2 vs. 6): Traditional approaches relying on bilin-
ear upsampling result in a moderate performance degradation, despite a marginal
reduction in computational cost. This highlights the advantages of our proposed
dynamic upsampling method: by adaptively determining optimal sampling loca-
tions from the original feature maps based on semantic content, our approach
achieves more precise depth predictions.

Inverted Prediction Head Order (ID 3 vs. 6): Reversing the sequence
of the prediction heads proves more beneficial for large-scale models. While this
adjustment marginally increases computational cost by 0.2 GFLOPs, it yields
a significant performance gain. This reinforces our rationale that high-channel
features maintain superior structural and semantic consistency after upsampling,
thereby enabling subsequent prediction convolutions to generate high-quality
outputs with greater accuracy.

Two-Stage Training Efficiency (ID 4, 5, vs. 6): Excluding the second-
stage processing for dynamic environments leads to a severe performance drop.
This underscores the superiority of our Two-Stage Static-Dynamic Decoupled
Training strategy. Compared to a fixed-threshold approach, our proposed static-
dynamic decoupled mask M provides higher precision and demonstrates better
adaptability across a broader range of environments.

4.5 Complexity and Speed Evaluation

Table 4 presents computational cost and inference speed, where GPU bench-
marks (RTX 4090, V100) use batch size 16 and mobile platforms (Snapdragon
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Table 3: Quantitative Results on the Table 4: Speed at 640x192 resolution

Make3D dataset [35]. (SD 8Elite: Snapdragon 8 Elite ).
Method Abs Rel Sq Rel RMSE RMSE log Method Full Model | Speed (FPS) 1
Params(M) FLOPs(G) 4090 V100 SD 8Elite

Monodepth2 [14] 0.322  3.589 7.417  0.163 - —

. . & p Lite-Mono-Tiny [,)\] 2.143 2.842 1048 312 15.9
Lite-Mono-Tiny [51] = 0.318 3.217 7.234  0.164 Lite-Mono-Small [51]  2.472 1746 816 298  10.7
Lite-Mono-Small [51]  0.310 2.878 6.842 0.160 Lite-Mono [51] 3.069 5.032 781 295 10.3

Lite-Mono [51] 0.305 3.060 6.981  0.158 Lite-Mono-8M [51] 8.766 11.212 592 223 5.6
Lite-Mono-8m [51] 0.309 3.145 7.016  0.158 MonoVit [55] 33.631 59.679 265 126 1.9
GeoDepth [441] 0296 2.750 6.735  0.153 Flex-Nano(Ours)  1.522 0.718 1583 774 37.6
Flex-Small(Ours) 6.059 2776 1215 606  18.6

Flex-Small (Ours) 0315 3.127 6.865  0.159 Flex-Medium(Ours) 12722 9001 510 231 54
Flex-Medium (Ours) 0.292 2.864 6.686  0.152 Flex-Large(Ours)  15.203 11.519 467 216 5.2
Flex-X-Large(Ours) 0.279 2.799 6.599 0.144 Flex-X-Large(Ours)  32.269 24.563 321 130 3.0

Table 5: Dynamic-scene depth estimation comparison on Cityscapes [6]. Our method
uses no auxiliary cues (pixel motion, pseudo depth) and is most efficient.

Extra Info Dynamic region Static region

Method FLOPs(G){
Pix.Mot. Pseu.Dep. Frames Abs Rel] § < 1.25 1 Abs Rel| § < 1.25 1
ProDepth [43] - - 2 0.115 0.884 0.092 0.911 35.5
Mining-BrNet [30] v v 1 0.119 0.872 0.080 0.922 27.0
DSI-MonoVit [52] - - 1 0.097 0.918 0.086 0.919 47.7
Flex-X-Large (Ours) - - 1 0.091 0.935 0.085 0.925 19.6

8 Elite) use batch size 1 in performance mode. Our small model achieves im-
provements while maintaining strong efficiency. Medium and large models in-
volve slightly higher costs but significantly enhance performance. We provide
a lightweight model for resource-constrained scenarios and a more accurate al-
ternative for abundant computational resources, maintaining real-time inference
without substantially increasing demands.

4.6 Comparison with Foundation Depth Models

Recent monocular depth foundation models [45,46] have demonstrated impres-
sive zero-shot generalization, raising the question of whether self-supervised
methods trained on in-domain data still provide practical advantages. We ad-
dress this by comparing FlexDepth with relative depth model Depth Anything
V2 (DA2) [46] under a unified evaluation protocol.

Fair Comparison Protocol. To ensure a fair comparison, we unify the evalua-

tion protocols of foundation models and self-supervised methods on KITTI [12].

Depth Alignment. Self-supervised methods like [14,51] typically use per-

image median scaling to align the predicted disparity to metric depth: D; =
. t ~

D; - %, where D; = 1/disp;, D#" is the ground-truth depth, and D; is

the aligned depth. Foundation models like [45,46] use least-squares. Specifically,

. . . . 2

for each image Di = s-disp; +1t, [s,t] = argming ;Y ||s - disp; + ¢ — D%gtH )

Here s,t are the scale and shift over valid pixels j.
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Table 6: Comparison with DA2 [46] on KITTI [12] Eigen [8] split (LS align-
ment + improved GT). DA2 results are reproduced using official weights. T: Re-
evaluation of our model under the this protocol for fair comparison, without introducing
any new training or experiments. Full results in Appendix.

Method Type Params GFLOPs Resolution Abs Rel| § < 1.251

DA2 (ViT-L)  Zero-Shot 335M 1947  1722x518  0.070 0.956
DA2 (ViT-S)  Zero-Shot 25M 137 1722x518  0.077 0.944
DA2 (ViT-L)  Zero-Shot 335M 276 644x196  0.092 0.915
DA2 (ViT-S)  Zero-Shot 25M 19 644x196  0.110 0.881

Flex-X-Large' Self-supervised 32M 25 640x192  0.063 0.952

Ground Truth. Foundation models are typically evaluated on the improved
KITTI [12] ground truth [38] with dense multi-frame stereo completion, whereas
self-supervised methods usually use the sparse LiDAR-based. We therefore addi-
tionally evaluate FlexDepth under the foundation-model protocol (LS alignment
+ improved GT). Full details are provided in the Appendix.

Discussion. Table 6 reports results under the matched protocol (LS align-
ment + improved GT). DA2 [46] demonstrates strong zero-shot generalization
and excels at fine details ( 6 < 1.25 0.956 vs. 0.952), but is sensitive to dis-
tant objects (see Appendix). In contrast, FlexDepth, self-supervised trained on
KITTTI [12], achieves superior accuracy (Abs Rel 0.063 vs. 0.070) with far fewer
parameters and FLOPs. This suggests that in-domain self-supervision still offers
practical value particularly for resource-constrained deployment complementing
the strengths of large foundation models.

5 Conclusion and Discussion

This paper presents FlexDepth, a scale-driven family of flexible self-supervised
monocular depth estimation models specifically engineered for robust driving
perception. FlexDepth introduces a Scale-Driven Decoder (SDD), which adap-
tively selects its constitutive components to enhance feature fusion and gener-
ate high-precision depth maps. Furthermore, this paper proposes a two-stage
static-dynamic decoupling training strategy designed to isolate dynamic driving
entities from the static background. By performing independent confidence as-
sessments, our approach achieves superior robustness in highly dynamic environ-
ments. Extensive evaluations demonstrate that FlexDepth achieves state-of-the-
art performance across multiple autonomous driving benchmarks. Its minimal
computational footprint allows for seamless deployment on edge devices, while
its exceptional zero-shot generalization.

Limitations. Since FlexDepth is designed for robust driving perception, its
applicability to man-made structures indoors with irregular textures and close-
range occlusions is limited.
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