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Abstract
Purpose Depth estimation in robotic surgery is vital in 3D reconstruction, surgical navigation and augmented reality visu-
alization. Although the foundation model exhibits outstanding performance in many vision tasks, including depth estimation
(e.g., DINOv2), recent works observed its limitations inmedical and surgical domain-specific applications. This work presents
a low-ranked adaptation (LoRA) of the foundation model for surgical depth estimation.
Methods Wedesign a foundationmodel-based depth estimationmethod, referred to as Surgical-DINO, a low-rank adaptation
of the DINOv2 for depth estimation in endoscopic surgery. We build LoRA layers and integrate them into DINO to adapt with
surgery-specific domain knowledge instead of conventional fine-tuning. During training, we freeze the DINO image encoder,
which shows excellent visual representation capacity, and only optimize the LoRA layers and depth decoder to integrate
features from the surgical scene.
Results Our model is extensively validated on a MICCAI challenge dataset of SCARED, which is collected from da Vinci
Xi endoscope surgery. We empirically show that Surgical-DINO significantly outperforms all the state-of-the-art models in
endoscopic depth estimation tasks. The analysis with ablation studies has shown evidence of the remarkable effect of our
LoRA layers and adaptation.
Conclusion Surgical-DINO shed some light on the successful adaptation of the foundation models into the surgical domain
for depth estimation. There is clear evidence in the results that zero-shot prediction on pre-trained weights in computer vision
datasets or naive fine-tuning is not sufficient to use the foundation model in the surgical domain directly.
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Introduction

3D scene reconstruction in endoscopic surgery has a sig-
nificant impact on the development of automated surgery
and promotes the advancement of various downstream
applications such as surgical navigation, depth perception,
augmented reality [1–3]. However, there are still many unre-
solved challenges in dense depth estimation tasks within
endoscopic scenes. The variability of soft tissues and occlu-
sion by surgical tools in the surgical environment poses high
demands on the model’s ability to reconstruct dynamic depth
maps [4].Recentmethods have focusedonutilizingbinocular
information to obtain disparity maps and reconstruct depth
information [1, 4]. However, apart from the da Vinci surgical
robot system, most endoscopic surgical robot systems only
consist of amonocular camera, which is amore cost-effective
and easily implementable hardware solution. Therefore, pre-
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cise depth estimation tasks based on monocular endoscopy
are still an area that requires further exploration.

Recently, foundation models have become one of the
most popular terms in the field of deep learning [5, 6].
Thanks to their large number of model parameters, foun-
dation models have the ability to build long-term memory of
massive training data, achieving state-of-the-art performance
on various downstream tasks involving vision, text and
multimodal inputs. However, when encountering domain-
specific scenarios such as surgical scenes, the predictive
ability of foundation models tends to decline significantly
[7]. Due to the limited availability of annotated data in
medical scenes and insufficient computational resources,
training a medical-specific foundation model from scratch
poses various challenges. Therefore, there has been exten-
sive discussion on adapting existing foundation models to
different sub-domains, maximizing the utilization of exist-
ingmodel parameters, and fine-tuning foundationmodels for
target application scenarios based on limited computational
resources [7–9]. Chen et al. [8] constructed their adapter
using two MLP layers and an activation function without
inputting any prompt for fine-tuning the Segment Anything
(SAM) model. On the other hand, Wu et al. [9] used a simple
pixel classifier as a self-prompt to achieve zero-shot seg-
mentation based on SAM. However, the adapter layer shall
slow down inference speed, and prompts cannot be directly
optimized through training. Therefore, we have designed our
adaptation solution based on Low-Rank Adaptation (LoRA)
[10]. LoRA adds a bypass next to the original foundation
model, which performs a dimensionality reduction and then
an elevation operation to simulate the intrinsic rank. When
deployed in a production environment, LoRA can be intro-
duced without introducing inference delays, and only the
pre-trained model parameters need to be combined with the
LoRA parameters. Therefore, LoRA can serve as an efficient
adaption tool in real-world applications of foundation mod-
els.

Additionally, current works on fine-tuning vision founda-
tion models to the medical domain have focused on common
tasks such as segmentation and detection, with limited explo-
ration in pixel-wise regression tasks like depth estimation.
In this case, supervised training paradigms for visual foun-
dation models are typically applied to common semantic
understanding tasks and may not be suitable for our needs.
Therefore, we have chosen DINOv2 [6] as the starting point
for our study in this paper. DINOv2 is a self-supervised
trained foundation model for multiple vision tasks. The self-
supervised training paradigm enables DINOv2 to effectively
learn unified visual features, thereby requiring only cus-
tomized decoders to adapt DINOv2 to various downstream
visual tasks including depth estimation. Therefore, we aim to
explore the fine-tuning of theDINOv2 encoder to fully utilize
the pre-trained extensive parameters and benefit downstream

depth estimation tasks in the surgical domain. Specifically,
our key contributions and findings are:

• We firstly extend the foundation model in computer
vision, DINOv2, to explore its capability on medical
image depth estimation problems.

• We present an adaptation and fine-tuning strategy of
DINOv2 based on the Low-Rank Adaptation technique
with low additional training costs toward the surgical
image domain.

• Ourmethod, Surgical-DINO, is validated on two publicly
available datasets and obtained superior performance
over other state-of-the-art depth estimation methods for
surgical images. We also investigate that the zero-shot
foundation model is not yet ready for use in surgical
applications, and LoRA adaptation is crucial, which out-
performed naive fine-tuning.

Methodology

Preliminaries

DINOv2

Learning pre-trained representations without regard to spe-
cific tasks has been proven extremely effective in Natural
Language Processing (NLP) [11]. One can use features
from these pre-trained representations without fine-tuning
for downstream tasks and obtain significantly better perfor-
mances than those task-specific models. Oquab et al. [6]
developed a similar "foundation" model, named DINOv2,
in computer vision where vision features at both image level
and pixel level generated from it can work without any task
limitation. They proposed an automatic pipeline to build a
large, curated and dedicated image dataset and an unsuper-
vised learning method to learn robust vision features. A ViT
model [12] with 1B parameters was trained in a discrimi-
native self-supervised training manner and distilled into a
series of smaller models that were evaluated to have sur-
passing ability against the best available all-purpose features
on most of the benchmarks at image and pixel levels. Depth
estimation task was also tested as a classical dense prediction
task in computer vision by training a simple depth decoder
head following DINOv2 and gained excellent performance
in the general computer vision realm. The huge domain gap
between medical and natural images may impede the utiliza-
tion of such a foundation model; thus, we first attempt to
develop a simple but effective adaptation method to exploit
DINOv2 for the surgical domain.
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Fig. 1 The proposed Surgical-DINO framework. The input image is
transformed into tokens by extracting scaled-down patches followed by
a linear projection. A positional embedding and a patch-independent
class token (red) are used to augment the embedding subsequently. We
freeze the image encoder and add trainable LoRA layers to fine-tune

the model. We extract tokens from different layers, then up-sample and
concatenate them to form the embedding features. Another trainable
decode head is used on top of the frozen model to estimate the final
depth

LoRA

Low-Rank Adaptation (LoRA) was first proposed in [10]
to fine-tune large-scale foundation models in NLP to down-
stream tasks. It was inspired by the low “intrinsic dimension”
of the pre-trained large model that random projection to a
smaller subspace does not affect its ability to learn effec-
tively. By injecting trainable rank decomposition matrices
into each layer of the Transformer architecture and freezing
the pre-trained model weights, LoRA significantly reduces
the amount of trainable parameters for downstream tasks.
To be specific, for a pre-trained weight matrix W0 ∈ R

d×k ,
LoRA utilizes a low-rank decomposition to restrict its update
by W0 + �W = W0 + BA where B ∈ R

d×r , A ∈ R
r×k

with the rank r � min(d, k). W0 does not receive gradient
updates during the training process, while only A and B con-
tain trainable parameters. The modified forward pass is then
described as:

h = W0x + �Wx = W0x + BAx . (1)

This implementation can significantly reduce the memory
and storage usage for training thus very suitable for fine-
tuning large-scale foundational models to downstream tasks.

Surgical-DINO

As illustrated in Fig. 1, the architecture of our proposed
Surgical-DINO depth estimation framework inherits from
DINOv2. Given a surgical image x ∈ R

H×W×C with spatial
resolution H×W and channelsC , we aim to predict its depth

map D̂ ∈ H × W as close to ground truth depth as possible.
DINOv2 serves as an image encoder where images are first
split into patches of size p2 and then flattenedwith linear pro-
jection. A positional embedding is augmented for the tokens
and another learnable class token is added which aggregates
the global image information for subsequent missions. The
image embeddings will then go through a series of Trans-
former blocks to generate new token representations. All
parameters in the DINOv2 image encoder are frozen during
training, andwe added additional LoRA layers to each Trans-
former block to capture the learnable information. These side
LoRA layers, as illustrated in the previous section, compress
the Transformer vision features to the low rank space and
then re-project back to match the output features’ channels
in the frozen transformer blocks. LoRA layers in each Trans-
former block work independently and do not share weights.
Several intermediate and the final output token representa-
tions will be resized and bi-linearly upsampled by a factor of
4 first and then concatenated to output the overall feature rep-
resentation. A simple trainable depth decoder head is utilized
at the end to predict the depth map.

LoRA layers

Different from fine-tuning the whole model, freezing the
model and adding trainable LoRA layers will largely reduce
the required memory and computation resources for train-
ing and also benefit conveniently deploying the model. The
LoRAdesign in Surgical-DINO is presented in Fig. 2.We fol-
lowed [13]where the low-rank approximation is only applied
for q and v projection layers to avoid excessive influence on
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Fig. 2 The LoRA design in Surgical-DINO. We apply LoRA only to q
and v projection layers in each transformer block.Wq ,Wk ,Wv andWo
denote the projection layer of q, k, v and o, respectively

attention scores. With the aforementioned fundamental for-
mulation of LoRA, for an encoded token embedding x , the
processing of q, k and v projection layerswithin amulti-head
self-attention block will become:

Q = Ŵqa = Wqa + Bq Aqa,

K = Wka,

V = Ŵva = Wva + BvAva,

(2)

where Wq ,Wk and Wv are frozen projection layers for q, k
and v; Aq , Bq , Av and Bv are trainable LoRA layers. The
self-attention mechanism remains unchanged that described
by:

Att(Q, K , V ) = Softmax

(
QKT

√
Cout

+ B

)
V (3)

where Cout denotes the numbers of output tokens.

Network architecture

Image Encoder. The image is first separated into non-
overlapping patches and then projected to image embeddings
with the Embedding process. The image embeddings are a set

of t0 =
{
t00 , . . . , t0Np

}
, t0n ∈ R

D tokens, where p is the patch

size, Np = HW
p2

, t0 is the class token, and D represents the
feature dimensions of each token. L Transformers are then
used to transform the image tokens into feature representa-
tions t l where l denotes the output of l-th Transformer block.
We utilized the pre-trained ViT-Base model fromDINOv2 as
our image encoder with 12 Transformer blocks and a feature
dimension of 784.
Depth Decoder. We first extract the layers from l =
{3, 6, 9, 12}, unflatten them to fit the patch resolution and

up-sample tokens by a factor of 4 to increase the resolu-
tion. We treat depth prediction as a classification problem by
dividing the depth range into 256 uniformly distributed bins
with a linear layer to predict the depth. The predicted map is
scaled to align the input resolution eventually.

Loss functions

Surgical-DINO utilizes Scale-invariant depth loss [14] and
Gradient loss [15] as the supervision constraints for the fine-
tuning process. They can be described by:

Lpixel = λ1

√√√√1

n

∑
i

(gi )2 − λ2

n2

(∑
i

gi

)2

Lgrad = λ3
1

n

∑
k

∑
i

(
|∇x g

k
i | + |∇yg

k
i |

) (4)

where n denotes the number of valid pixels; gki = logd̃ki −
logdki is the value of the log-depth difference map at position
i and scale k.Lpixel guides the network to predict truth depth,
whileLgrad encourages the network to predict smoother gra-
dient changes. The final loss is then described as:

L = Lpixel + Lgrad . (5)

Experiment

Dataset

SCARED1 dataset is collected with a da Vinci Xi endoscope
from fresh porcine cadaver abdominal anatomy and contains
35 endoscopic videoswith 22,950 frames. A projector is used
to obtain high-quality depth maps of the scene. Each video
has ground truth depth and ego-motion, while we only used
depth to evaluate ourmethod.We followed the split scheme in
[16]where theSCAREDdataset is split into 15,351, 1705 and
551 frames for the training, validation and test sets, respec-
tively.
Hamlyn2 is a laparoscopic and endoscopic video dataset
taken from various surgical procedures with challenging in
vivo scenes.We followed the selection in [17] with 21 videos
for validation.

Implementation details

The framework is implemented with PyTorch on NVIDIA
RTX 3090 GPU. We adopt the AdamW [18] optimizer with

1 https://endovissub2019-scared.grand-challenge.org/.
2 https://hamlyn.doc.ic.ac.uk/vision/.
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Table 1 Quantitative depth
comparison on the SCARED
dataset of SOTA depth
estimation methods

Method Abs Rel ↓ Sq Rel ↓ RMSE ↓ RMSE log ↓ δ ↑
SfMLearner [19] 0.079 0.879 6.896 0.110 0.947

Fang et al. [20] 0.078 0.794 6.794 0.109 0.946

Defeat-Net [21] 0.077 0.792 6.688 0.108 0.941

SC-SfMLearner [22] 0.068 0.645 5.988 0.097 0.957

Monodepth2 [23] 0.071 0.590 5.606 0.094 0.953

Endo-SfM [24] 0.062 0.606 5.726 0.093 0.957

AF-SfMLearner [16] 0.059 0.435 4.925 0.082 0.974

DINOv2 [6] (zero-shot) 0.088 0.963 7.447 0.120 0.933

DINOv2 [6] (fine-tuned) 0.060 0.459 4.692 0.081 0.963

Surgical-DINO SSL (Ours) 0.059 0.427 4.904 0.081 0.974

Surgical-DINO (Ours) 0.053 0.377 4.296 0.074 0.975

The best results are in bold. The second-best results are in italic

Table 2 Quantitative depth
comparison on Hamlyn dataset

Method Abs Rel ↓ Sq Rel ↓ RMSE ↓ RMSE log ↓ δ ↑
Endo-depth-and-motion [17] 0.185 5.424 16.100 0.225 0.732

AF-SfMLearner [16] 0.168 4.440 13.870 0.204 0.770

Surgical-DINO (ours) 0.146 3.216 11.974 0.178 0.801

The best results are in bold. The second-best results are in italic

an initial learning rate of 1 × 10−5 and weight decay of
1 × 10−4. The batch size is set to 8 with 50 epochs in total.
We can achieve our evaluation results with the following
weights set: λ1 = 1.0, λ2 = 0.85, λ3 = 0.5. The images are
resized to 224 × 224 pixels. We also trained our proposed
model in a Self-Supervised Learning (SSL) manner with the
baseline of AF-SfMLearner [16]. We replace the encoder in
AF-SfMLearner with Surgical-DINO and resize the image
to 224 × 224 pixels to fit the patch size of DINOv2.

Performancemetrics

We evaluate our method with five common metrics used in
depth estimation problems: Abs Rel, Sq Rel, RMSE, RMSE
log and δ in which lower is better for the first four metrics
and larger is better for the last one. During evaluation, we re-
scale the predicted depth map by a median scaling method
introduced by SfM-Leaner [19], which can be expressed by

Dscaled = (
Dpred ∗ (

median
(
Dgt

)
/ median

(
Dpred

)))
.(6)

We capped the depth map at 150mm which can cover
almost all depth values.

Results

Quantitative results on SCARED. We compared our pro-
posed method with several SOTA self-supervised methods
[16, 19–24] as well as zero-shot, self-supervised and super-
vised method, and the results are shown in Table 1. All

of these baseline methods were reproduced with the origi-
nal implementation under the same dataset splits mentioned
above. The zero-shot performance of pre-trained DINOv2
is evaluated on model size ViT-Base with a same depth
decoder head fine-tuned onNYUDepthV2 [25]. Ourmethod
obtained superior performances in all the evaluation metrics
compared to all of the methods. It is worth noting that the
zero-shot performance of DINOv2 has the worst results indi-
cating that vision features and depth decoder that are highly
effective in natural images are unsuitable for medical images
due to the large domain gap. While the fine-tuned DINOv2
exceeds other SOTA self-supervised methods in RMSE and
RMSE log, it did not gain better performance in the other
three metrics proving its prediction to have more large depth
errors. Only fine-tuning a depth decoder head is not enough
to transfer the vision features to geometric relations within
medical images. With the adaptation method of LoRA, the
network is able to learn medical domain-specific vision fea-
tures and relate them with depth information, thus resulting
in an improvement in the estimation accuracy.
Quantitative results on Hamlyn. We made zero-shot valida-
tion for our model trained on SCARED in Hamlyn dataset
without any fine-tuning. For comparison, we zero-shot vali-
date AF-SfMLearner with their best model and obtain the
results of Endo-Depth-and-Motion [17] by averaging the
21-fold cross-validation results trained on Hamlyn. As pre-
sented in Table 2, our method achieves superior performance
against other methods, unveiling the good generalization
ability across different cameras and surgical scenes.
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Table 3 Comparison of encoder parameters, trainable parameters, trainable parameters’ ratio and full model inference speed

Method Params. (M) ↓ trainable Params. (M) ↓ trainable ratio (%) ↓ Speed (ms) ↓
AF-SfMLearner [16] 11.68 11.68 100.00 9.9

Surgical-DINO (Ours) 86.72 0.14 0.17 18.2

The best results are in bold

Fig. 3 Qualitative depth
comparison on the SCARED
dataset

Table 4 Ablation study on the
rank size on the LoRA layer

Rank size Abs Rel ↓ Sq Rel ↓ RMSE ↓ RMSE log ↓ δ ↑
1 0.058 0.389 4.513 0.081 0.962

4 0.053 0.375 4.296 0.074 0.975

8 0.053 0.376 4.324 0.074 0.974

16 0.053 0.377 4.325 0.073 0.974

The best results are in bold

Model complexity and speed evaluation. The proposed
model’s parameters, trainable parameters, trainable parame-
ters ratio and inference speed are evaluated on an NVIDIA
RTX3090GPU compared toAF-SfMLearner. Table 3 shows
that while Surgical-DINO has a larger amount of parameters,
only a very small part of parameters are trainable mak-
ing it faster to train and converge. The inference speed of
Surgical-DINO is slower than AF-SfMLearner, but still in
an acceptable range for real-time applications.
Qualitative results.We also show some qualitative results in
Fig. 3. Ourmethod can depict anatomical structurewell com-
pared to other methods. Nevertheless, the qualitative results
of our proposed Surgical-DINO also have drawbacks like
lack of continuity which can motivate future modification
direction.

Ablation studies

Effects of the rank size on the LoRA layer. A set of com-
parative experiments is performed to evaluate the effects of

rank size on the LoRA layer. We evaluated four different
sizes of rank of the LoRA layer, and the results are shown in
Table 4. We notice that the performance of Surgical-DINO
will increase with the increase of rank size within a certain
low range and start to drop when the rank size exceeds a
certain value. This phenomenon implies that despite being
designed to utilize low-rank decomposition to make the
approximation, LoRA still requires certain training param-
eters to fit downstream tasks. However, too many trainable
parametersmaymislead the original weights resulting in per-
formance degradation.
Effects of the size of pre-trained foundation model. DINOV2
published four pre-trainedViT foundationmodels and named
them by their size. Table 5 presents the ablation study to
investigate the effect of the size of the pre-trained founda-
tion model. We discover that the performance increases with
the increase of the pre-trained model size. Larger models
inherently have better integration and generalization abil-
ity of vision features, thus better fitting downstream tasks.
But larger models are also accompanied by larger memory

Table 5 Ablation study on the
size of pre-trained foundation
model

Model size Abs Rel ↓ Sq Rel ↓ RMSE ↓ RMSE log ↓ δ ↑
ViT-small 0.055 0.416 4.513 0.075 0.971

ViT-base 0.053 0.377 4.296 0.074 0.975

ViT-large 0.051 0.363 4.256 0.070 0.979

ViT-giant 0.050 0.342 4.120 0.069 0.980
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occupancy and training costs, so we chose ViT-Base for our
depth estimation method in consideration of the compromise
between performance and cost.

Conclusions

Depth estimation is a vital task in robotic surgery and ben-
efits many downstream tasks like surgical navigation and
3D reconstruction. Vision Foundation model that captures
universal vision features has been proven to be both effec-
tive and convenient in many vision tasks but yet needs
more exploration in the surgical domain. We have presented
Surgical-DINO, an adapter learning method that utilizes
DINOv2, a vision foundationmodel, for surgical scene depth
estimation. We design LoRA layers to fine-tune the network
with a small number of additional parameters to adapt to the
surgical domain. Experiments have been made on a publicly
available dataset and demonstrate the superior performance
of the proposedSurgical-DINO.Wefirst explore the direction
of deploying the vision foundation model to surgical depth
estimation tasks and reveal its enormous potential. Future
works could explore the foundation model in a supervised,
self-supervised and unsupervised manner to investigate the
robustness and reliability in the surgical domain.
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