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Abstract

This study explores optimizing Depth Anything V2 [29],
a state-of-the-art MDE model, for resource-constrained
environments. While the model excels in relative depth
prediction, adapting it to metric depth using the NYU
Depth V2 dataset [21] revealed challenges due to pseudo-
labeled training data and labeling inconsistencies. Dy-
namic INT16 quantization reduced the model size by half
while maintaining global depth prediction accuracy, with
minor losses in detail. Additionally, unstructured prun-
ing was applied at different sparsity levels, revealing that
lower sparsity (10%–20%) preserved prediction quality,
while higher sparsity (above 40%) significantly degraded
both visual and quantitative performance. These experi-
ments highlight the trade-offs between model compression
and accuracy. Future work will focus on integrating quan-
tization and pruning to develop a compact, efficient MDE
model suitable for real-world deployment. Project Repos-
itory: https://github.com/RubyQianru/Depth-Anything-V2-
Mini/

1. Introduction

Monocular depth estimation (MDE) is an important area
in computer vision that focuses on obtaining depth infor-
mation from a single image. Unlike stereo depth estima-
tion, which requires images from multiple cameras along
with precise calibration and synchronization—leading to
increased system complexity and cost [14]—MDE works
without any additional setup. MDE models have a variety of
applications, including robotics [12], autonomous driving
[30], augmented reality (AR) [19], and 3D reconstruction
[17]. Many of these applications require real-time perfor-
mance, especially on devices with limited resources, such
as smartphones and embedded systems. However, while
state-of-the-art models like Depth Anything V2 [29] pro-
vide highly accurate depth predictions, their high computa-
tional requirements make them unsuitable for real-time use

Figure 1. The quantized model and the pruned model lose only a
small amount of fine-detail capability compared to the base model.

in resource-constrained environments.
Early approaches to monocular depth estimation re-

lied on traditional computer vision techniques such as
structure-from-motion (SfM) [24] and shape-from-shading
[13]. With the rise of deep learning, convolutional neu-
ral networks (CNNs) have greatly improved depth estima-
tion by learning from large datasets of paired RGB and
depth images [3, 17, 20]. State-of-the-art CNN models have
shown strong performance in both supervised [5] and self-
supervised [1] learning. More recently, Transformers [27]
and Vision Transformers (ViT) [2] have pushed the field
even further. Transformers are effective at capturing long-
range dependencies, which is particularly useful in complex
environments. Many of the latest state-of-the-art monocular
depth estimation models are transformer-based, including
Dense Prediction Transformer (DPT) [23], Marigold [11],
and Depth Anything V2 [29].

While transformers offer excellent scalability and high
performance [10], they also have drawbacks, including high
complexity, significant computational requirements, and
large model sizes [25, 26], which make them challenging to
use on resource-limited devices such as embedded systems.

https://github.com/RubyQianru/Depth-Anything-V2-Mini/
https://github.com/RubyQianru/Depth-Anything-V2-Mini/


This project focuses on optimizing the transformer-based
monocular depth estimation model, Depth Anything V2, to
improve its efficiency and make it suitable for deployment
on such devices. We will use techniques like static and dy-
namic quantization, as well as unstructured pruning with
varying levels of sparsity, to reduce the model’s size and
computational needs.

The benchmark for this study is the NYU Depth Dataset
V2 [21], a well-known dataset with ground truth depth la-
bels. We will measure the performance and accuracy of
each model variation using metrics such as MAE, RMSE,
and threshold accuracy. Our ultimate goal is to create a
lightweight version of Depth Anything V2 that can run in
real-time on resource-constrained platforms with minimal
loss of accuracy.

2. Related Work
2.1. Monocular Depth Estimation

In monocular depth estimation (MDE), models are gener-
ally categorized as either discriminative or generative. Dis-
criminative models use supervised learning methods, often
relying on convolutional neural networks (CNNs) or Vision
Transformers (ViT), to directly map input RGB images to
depth maps by minimizing prediction errors compared to
ground-truth data [16, 23]. However, these models require
large annotated datasets for training and may struggle to
generalize well in diverse or highly dynamic environments
[18]. On the other hand, generative models use techniques
like generative adversarial networks (GANs) or variational
autoencoders (VAEs) to capture the underlying distribution
of depth data, allowing them to create detailed and realis-
tic depth maps. Generative approaches are better at captur-
ing fine details, handling transparent objects, and dealing
with reflections, which are often challenging for discrimi-
native models [15]. However, they are computationally de-
manding and involve more complex training processes to
ensure stability. Emerging hybrid models [4, 6] combine
the strengths of both discriminative and generative methods,
improving robustness and accuracy in depth estimation. By
integrating direct depth prediction with probabilistic depth
generation, these models provide more reliable and compre-
hensive depth estimation for various applications.

2.2. Depth Anything models

Depth Anything v2 [29] represents one of the most recent
state-of-the-art monocular depth estimation models, build-
ing upon the foundational capabilities of its predecessor,
Depth Anything v1 [28]. The model combines state-of-the-
art convolutional neural networks (CNNs) and transformer-
based architectures to achieve higher precision in depth pre-
diction. Both V1 and V2 employ a knowledge distillation
technique [8], where a teacher model generates pseudo-

labels to train the student model. However, Depth Any-
thing V2 introduces significant enhancements by training
the teacher model exclusively on synthetic images, replac-
ing the use of labeled real images that were utilized in V1.
Additionally, V2 features a larger teacher model and incor-
porates a bridge of large-scale pseudo-labeled real images,
which further bolster its training process and performance.
These improvements enable Depth Anything V2 to achieve
approximately 10x faster processing speeds and higher ac-
curacy compared to other Stable Diffusion models [11].

The proposed method utilizes a pseudo-labeling ap-
proach to advance monocular depth estimation by leverag-
ing both synthetic and real-world data. Initially, a teacher
model based on DINOv2-G [22] is trained exclusively on
high-quality synthetic images from five precise synthetic
datasets, totaling 595,000 images. This teacher model
then generates accurate pseudo-depth labels for eight large-
scale, unlabeled real-world datasets comprising 62 mil-
lion images. These pseudo-labeled real images are subse-
quently used to train student models, enabling robust gen-
eralization without the need for extensive manual annota-
tions. By producing precise pseudo-depth maps on large
amounts of unlabeled real images, the method ensures that
the final student models achieve high accuracy and versatil-
ity. Depth Anything V2 effectively combines the strengths
of generative models like Marigold [11], which excel in
capturing fine details, transparent objects, and reflections,
with the discriminative capabilities of Depth Anything V1
[28], which adeptly handles complex scenes, efficiency, and
transferability. This hybrid approach allows Depth Any-
thing V2 to address and overcome the limitations of each
individual model, resulting in superior performance, en-
hanced detail capture, and greater efficiency across a wide
range of depth estimation tasks as shown on Figure 2.

Existing benchmarks for monocular depth estimation
(MDE) face challenges such as noisy labels, limited diver-
sity, and low resolution, reducing their reliability for mod-
ern high-resolution applications. To address these issues,
the DA-2K benchmark [29] was introduced alongside the
model, featuring sparse but precise depth annotations across
diverse high-resolution scenes. By leveraging automated
pipelines with expert model voting and human validation,
DA-2K ensures accuracy and diversity, encompassing eight
key application scenarios with 2,000 annotated pixel pairs
from 1,000 images. Yang et al. report achieving 97% accu-
racy on DA-2K with their large model and 95% with their
small model, significantly outperforming Marigold’s [11]
87%. However, its performance on real-world datasets like
NYU Depth V2, which focuses on dense indoor depth anno-
tations, remains an open question. This study also focuses
on evaluating the performance of Depth Anything V2 on the
NYU Depth V2 benchmark to confirm the practical appli-
cations of the model.



Figure 2. Performance comparison between Depth Anything V1 [28], Marigold [11], and Depth Anything V2 [29].The V2 model shows
a robust fine detail, transparent, and reflection property in a complex scene, improving from the V1 model and overcomes the Marigold
model.

2.3. Model Optimization Techniques for Efficiency

Pruning is a method for reducing the size of deep learn-
ing models by carefully removing unnecessary weights and
neurons. By identifying and removing parts of the network
that contribute little to its performance, pruning makes neu-
ral networks smaller and less complex without greatly af-
fecting their accuracy [7]. This process also reduces mem-
ory usage and speeds up inference, making pruned models
more practical for use on devices with limited resources,
such as smartphones and embedded systems. For monoc-
ular depth estimation, pruning helps advanced models like
Depth Anything V2 [29] run in real-time by lowering com-
putational requirements while keeping their accuracy high.

Quantization is another important technique for reduc-
ing the size and computational needs of deep learning mod-
els. It works by converting the model’s weights and activa-
tions from high-precision floating-point numbers to simpler
formats like int16 or int8. This reduces memory us-
age and speeds up computations, which helps save energy
and make models faster to use [9]. Quantization is espe-
cially useful for running deep learning models on edge de-
vices with limited resources. By balancing accuracy and
efficiency, it enables real-time use of advanced monocular
depth estimation models in environments where low latency
is critical.

3. Methodology
To evaluate the Depth Anything V2 [29] model for use
on resource-limited devices, we applied quantization and
unstructured pruning to its three pretrained variants: 25M
(vits), 98M (vitb), and 335M (vitl) parameters. These

methods were tested systematically using the NYU v2 [21]
dataset to examine the balance between model size, compu-
tational efficiency, and performance. During optimization,
.pth checkpoint files were saved at different stages, en-
abling comparisons of model size, processing speed, and
prediction accuracy.

3.1. Fine-tuning

One challenge faced during this study was the scale of the
model’s predicted depth values. Because Depth Anything
V2 was trained on pseudo-labeled real images [29], it pre-
dicts relative depth values rather than the metric depths pro-
vided by the NYU Depth V2 dataset masks. To enable accu-
rate comparisons and evaluations, we fine-tuned all model
variants using the NYU Depth V2 dataset, selecting a subset
of 500 training samples and 100 validation samples. Each
image was resized to 224×224 pixels to ensure faster train-
ing, with a batch size of 4.

During fine-tuning, the model’s backbone was frozen to
maintain its generalization ability, while only the depth es-
timation head was trained. All model variants were fine-
tuned for 10 epochs, with this duration optimized through
cross-validation. After fine-tuning, the models were saved
for further quantization and pruning steps.

3.2. Model Compression Techniques

Quantization was applied to the model’s state dictionary,
using both static and dynamic quantization techniques as
follows:
• Static Quantization: In this method, all weights were per-

manently stored in the torch.int16 format to reduce



memory usage. During model execution, the weights
were converted back to the float32 format for compu-
tations, ensuring the model’s functionality was preserved
while improving storage efficiency.

• Dynamic Quantization: This method performed on-the-
fly conversion of weights during runtime to balance mem-
ory usage and computational speed. For INT16, weights
were converted to float16 at runtime and stored in the
float16 format. Similarly, for INT8, weights were
converted to qint8 and stored in the torch.qint8
format, significantly reducing memory requirements. Dy-
namic quantization was applied selectively to layers
that benefit most from it, such as torch.nn.Linear
and torch.nn.Conv2d, ensuring efficient processing
without substantial loss of accuracy.
Unstructed Pruning was applied to the Linear and

Conv2d layers of the Depth Anything V2 model to re-
duce its size and computational complexity by remov-
ing weights with the smallest absolute values. Using the
torch.nn.utils.prune module, pruning was per-
formed at different sparsity levels from 10% to 90%, allow-
ing us to analyze trade-offs between model efficiency and
accuracy.

3.3. Dataset and Evaluation Metrics

The NYU v2 [21] dataset was used as the benchmark to
evaluate the optimized models. This dataset includes high-
quality depth estimation data with reliable ground truth la-
bels, making it suitable for analyzing the impact of model
compression techniques. The models’ performance was
measured using the following metrics:
1. Mean Absolute Error (MAE): Measures the average

absolute difference between the predicted and actual
depth values, indicating prediction accuracy

2. Root Mean Squared Error (RMSE): Evaluates predic-
tion precision by penalizing larger errors more heavily,
offering a comprehensive measure of quality.

3. Threshold Accuracy (δ): Calculates the percentage of
predictions that fall within a set range of the ground truth
depth values (τ = 1.25).

4. File Size (MB): Compares the storage efficiency of the
models by analyzing the size of the .pth checkpoint
files at different optimization stages.

4. Result
4.1. Quantization

Table 1 presents the performance of the original and quan-
tized versions of the Depth Anything V2 model on the NYU
Depth V2 dataset. Static quantization produced poor re-
sults across all model variants, with outputs failing to cap-
ture meaningful depth information. These models generated
blank images and were excluded from further analysis.

Table 1. Performance Metrics of Original and Optimized Depth
Anything V2 Models on NYU Depth V2 Dataset

Model Variant RMSE δ (1.25) Size
vits 2.18 15.38% 95 MB
vits static INT16 2.89 0% 47 MB
vits dynamic INT16 2.18 15.41% 47 MB
vits dynamic INT8 2.15 15.08% 34 MB
vitb 2.58 14.95% 371 MB
vitb static INT16 2.89 0% 185 MB
vitb dynamic INT16 2.58 14.95% 186 MB
vitb dynamic INT8 1.60 26.25% 128 MB
vitl 7.42 2.13% 1.24 GB
vitl static INT16 2.89 0% 639 MB
vitl dynamic INT16 7.43 2.13% 639 MB
vitl dynamic INT8 7.44 2.04% 415 MB

Dynamic quantization, on the other hand, showed mixed
results. The dynamic INT16 quantization method effec-
tively preserved performance while reducing model size
by nearly half. For example, the vits dynamic INT16
variant maintained a similar RMSE and threshold accuracy
compared to the original model but required significantly
less storage. However, the dynamic INT8 quantization
displayed inconsistent performance. While some variants,
such as vitb dynamic INT8, demonstrated improved
accuracy, others, like vitl dynamic INT8, failed to
maintain acceptable prediction quality. Figure 3 highlights
the performance of the dynamic INT16 model, which
achieves reliable depth predictions with global accuracy but
lacks some fine details.

Figure 3. The dynamic INT16 model, with half the size, shows
a great overall performance. The model capture global depth, but
missing a few fine-details.



4.2. Unstructured Pruning

The impact of unstructured pruning was evaluated across
sparsity levels ranging from 10% to 90%. Figure 4 and
Figure 5 illustrate the relationship between sparsity and the
metrics MAE, RMSE, and threshold accuracy. Among all
sparsity levels, 40% achieved the best trade-off in numeri-
cal evaluation, delivering a balance between reduced model
size and maintained performance.

Figure 4. Relationship between sparsity levels (10%–90%) and
error metrics (MAE and RMSE) for unstructured pruning. Lower
sparsity levels demonstrate minimal error increase, while higher
sparsity levels degrade performance.

Figure 5. Threshold accuracy (τ = 1.25) for different sparsity lev-
els (10%–90%). Lower sparsity levels maintain higher accuracy,
while aggressive pruning significantly reduces prediction reliabil-
ity.

However, qualitative results revealed limitations at
higher sparsity levels. As shown in Figure 6, the 40%
pruned model produced blurry depth predictions, losing im-
portant details compared to the 10% and 20% pruned vari-
ants. This highlights the need for careful selection of prun-
ing levels, as overly aggressive pruning can compromise vi-
sual quality despite favorable metric scores.

Figure 6. Qualitative comparison of depth predictions for pruned
models at different sparsity levels. The 40% pruned model loses
important details, resulting in blurry depth maps compared to the
10% and 20% pruned variants.

5. Conclusion

Depth Anything V2 [29] is a state-of-the-art monocular
depth estimation model known for its excellent performance
in predicting relative depth. However, fine-tuning the model
to predict metric depth using the NYU v2 dataset [21] re-
vealed several challenges. The model struggled to produce
accurate metric depth predictions, resulting in high RMSE
values and low accuracy. This limitation arises because
Depth Anything V2 was primarily trained with pseudo-
labeled data, making it difficult to scale its predictions to
metric depth. Additionally, the NYU v2 dataset contains
labeling errors along object boundaries, where some pix-
els incorrectly have zero ground truth depth. These incon-
sistencies further contributed to the errors when comparing
Depth Anything V2 to state-of-the-art models, which pre-
dict depth for all pixels. This challenge highlights the im-
portance of the DA-2K benchmark [29], created alongside
Depth Anything V2 to better align with its design and capa-
bilities.

Dynamic quantization using INT16 demonstrated
promising results in our experiments. By reducing the
model size to half of its original, this method preserved
strong global depth prediction performance, losing only mi-
nor fine details. These findings suggest that quantization
can effectively optimize Depth Anything V2 for resource-
constrained environments without significant accuracy loss.

Future work will focus on integrating quantization with
pruning. Since pruning removes less significant weights by
setting them to zero, it complements quantization and can
further enhance compression efficiency. While model com-
pression methods inevitably involve trade-offs between per-
formance and accuracy, our goal is to identify the optimal
balance point. This will allow us to develop a compact,
robust monocular depth estimation model suitable for real-
world applications, such as autonomous systems and em-
bedded devices.
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