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Abstract—Consistent video depth estimation aims to predict
temporally consistent depth maps for videos. Various techniques
have been developed to utilize temporal correlations between
frames; however, most of these techniques generalize poorly
to unconstrained scenes. Some recent methods based on test-
time training require an impractical amount of inference time.
Other methods apply attention mechanisms to video features
to accomplish temporal consistency, but they do not consider
scene variations across frames. In this paper, we propose a novel
algorithm called flow-guided consistent video depth estimator
(FCVD), in which a spatial feature alignment process leverages
optical flow to modulate scene variations. Zero-shot cross-dataset
evaluation results demonstrate that the proposed FCVD algo-
rithm outperforms existing techniques in terms of depth accuracy
and temporal consistency.

I. INTRODUCTION

Temporally consistent video depth estimation is essential
for many applications, including 3D reconstruction, 2D-to-3D
conversion, and bokeh rendering. Various attempts have been
made to predict spatially precise and temporally consistent
depth maps from monocular videos. Although recent tech-
niques have significantly improved spatial accuracy, capturing
temporal dependencies across consecutive frames still remains
a challenge. This often leads to flickering depth predictions, as
illustrated in Fig. 1. Moreover, most previous video depth es-
timation methods lack generalization capability across diverse
scene types, e.g. indoor vs. outdoor scenes and stationary vs.
dynamic scenes.

Several techniques [1–4] have been proposed to transfer
information between frames to achieve temporal consistency.
For example, [3] and [4] adopt attention mechanisms to
capture inter-frame correlations, while [1] applies temporal
loss functions on predictions of consecutive frames. However,
these methods are typically optimized for closed domains e.g.
indoor scenes, so their robustness for unconstrained and diverse
scenes may be limited.

Geometry-based methods [5–11] such as structure-from-
motion approaches have also been intensively investigated.
While some of these methods [6–8] struggle to generalize
to unseen data, Teed and Deng’s algorithm [5] shows robust
performance. Nevertheless, its performance heavily relies on
camera pose estimation, which often fails in dynamic scenes.
Although test-time training methods [9–11] achieve robust
performance, they suffer from a long inference time.

Meanwhile, several techniques [12–14] have been proposed
to predict temporally consistent depth maps with strong gen-
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Fig. 1. An example of flickering depth predictions produced by an existing
depth estimation method.

eralization capability. They leverage existing depth predictors
and enhance the predictions via attention mechanisms and
temporal loss functions. Xian et al. [12] incorporate a trans-
former module into the structure of existing depth estimator,
while Wang et al. [13, 14] operate as add-on frameworks,
which take the prediction results of existing models as input.
However, they do not consider spatial variations across frames
and struggle to predict temporally consistent results in the
presence of large motions.

In this paper, we propose a flow-guided consistent video
depth estimator (FCVD), which effectively attends to recent
frames using optical flow. As done in [12–14, 16–18], we
perform predictions in a disparity space to handle scale and
shift ambiguities [16]. This allows our algorithm to be trained
on diverse datasets and achieve strong generalization capability
in zero-shot cross-dataset evaluations. The proposed FCVD
functions as an add-on framework for existing depth predictors,
similar to [13, 14].

We conduct zero-shot cross-dataset evaluations on widely-
used depth datasets: NYUDv2 [19], KITTI [20], Sintel [21]
and DDAD [22]. The proposed FCVD outperforms previous
methods in terms of both depth accuracy and temporal consis-
tency. The main contributions of this paper are as follows:

• We propose an add-on video depth estimation framework,
FCVD, which leverages optical flow to estimate tempo-
rally consistent depth maps for unconstrained videos.

• The results of zero-shot cross-dataset evaluations demon-
strate that the proposed FCVD outperforms previous
methods on depth accuracy and temporal consistency.
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Fig. 2. An overview of the proposed FCVD. Given an input video clip of length T , the last frame It is considered as a target frame, while the remaining
frames serve as reference frames. The initial disparity maps D̃ are obtained by an existing image depth predictor. We estimate optical flow between the target
frame and each reference frame using [15]. We leverage the optical flow in the spatial feature alignment process to enable the window attention module and
capture spatial correlations across the extracted feature maps of the input frames more effectively. The window attention module attends the target frame feature
map Ft with each of the aligned feature maps. The attended feature map F̂t is then fused with Ft and additional edge features from It to produce a temporally
consistent disparity map D̂t for the target frame It. The FCVD algorithm operates using a sliding window over frames in the inference stage.

II. PROPOSED ALGORITHM

Fig. 2 is an overview of the proposed FCVD framework.
Using an existing image depth predictor [18], we first obtain
initial disparity maps. Note that each initial disparity map is
normalized within the range [0, 1] to address scale and shift
ambiguities and achieve strong generalization capability [16].
Given an input video clip and its initial disparity maps, FCVD
aims to estimate a temporally consistent disparity map for
a target frame, which is the last frame It of the input clip.
FCVD consists of four stages: feature extraction, spatial feature
alignment, window attention, and feature fusion. A backbone
network [23] extracts features from the input frames. We then
spatially align each reference frame feature map {Fk}t−1

k=t−T+1

with the target frame feature map Ft to enable the subsequent
window attention module to more effectively capture spatial
correlations across frames. Next, we perform local window
attention across the aligned feature maps. Finally, we fuse the
attended feature map F̂t with the original target frame feature
map Ft and additional edge features from It, producing the
final output disparity map D̂t. The entire framework operates
using a sliding window over frames in the inference stage.

A. Feature Extraction

Given an input RGB-D sequence {Ik, D̃k}tk=t−T+1 of
length T , the backbone network [23] extracts multi-scale fea-
ture maps X0 = {xl

0}4l=1, where xl
0 ∈ RT× H

2(l+1)
× W

2(l+1)
×Cl

denotes the feature map at the l-th level. We transform each
feature map in X0 into a feature map of shape T× H

4 ×W
4 ×C

using a multi-layer perceptron (MLP) and bilinear scaling. The
transformed feature maps are then fused into a single feature
map X ∈ RT×H

4 ×W
4 ×C where the embedding dimension

C = 256. Note that the features from the T frames are
processed independently. In X , we denote the feature map
corresponding to frame Ik as Fk, where Fk ∈ RH

4 ×W
4 ×C .

B. Spatial Feature Alignment

We align each of the reference frame feature maps
{Fk}t−1

k=t−T+1 to the target frame feature map Ft. To this end,
we compute the backward optical flow {Ot⇒k}t−1

k=t−T+1 from
the target frame to each reference frame using [15]. Fig. 3
illustrates the spatial feature alignment process. Directly using
the warped feature maps as keys and values for cross-attention
can degrade performance due to inaccurate optical flow. To
alleviate this issue, we filter the warped feature maps and
update them using a gating mechanism [24].

First, we compute the visibility mask Mt⇒k [2] from Ik to
It, which is defined as:

Mt⇒k = exp
(
−β ∥It − Ik⇒t∥22

)
(1)

where Ik⇒t is the frame Ik warped toward t. The visibility
mask assigns higher values to pixels that are similar in both
frames. We set β = 50. We also warp Fk toward t, denoted
as F 0

k⇒t, and concatenate it with Ft and Mt⇒k. These con-
catenated features are passed through convolutional layers to
compute the forget gate f and the input gate i using sigmoid
activations, and the update feature g using a tanh activation.
Finally, we filter F 0

k⇒t using f and then update it using i and
g, yielding the final aligned feature map Fk⇒t.

The alignment process is formulated as

f = σ
(
Wf1F

0
k⇒t +Wf2Ft +Wf3Mt⇒k + bf

)
,

i = σ
(
Wi1F

0
k⇒t +Wi2Ft +Wi3Mt⇒k + bi

)
,

g = tanh
(
Wg1F

0
k⇒t +Wg2Ft +Wg3Mt⇒k + bg

)
,

Fk⇒t = f ◦ F 0
k⇒t + i ◦ g,

(2)

where ◦ denotes the Hadamard product. Employing this align-
ment process, we obtain spatially aligned and reliable reference
frame feature maps {Fk⇒t}t−1

k=t−T+1.
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Fig. 3. Illustration of the spatial feature alignment process. Starting from the
warped reference frame feature map F 0

k⇒t, we filter out unreliable information
and update the feature map using a gating mechanism.

To train the spatial feature alignment module, we use an
auxiliary loss defined as:

Laux = ∥Mt⇒k − f∥22 + ∥(1−Mt⇒k)− i∥22 . (3)

This loss encourages the spatial feature alignment module to
suppress unreliable regions in the warped features using the
forget gate, and to update those regions based on target frame
information via the input gate.

C. Window Attention Module

Fig. 4 shows the structure of an attention block in our
window attention module. We apply self-attention to Ft and
cross-attention between Ft and {Fk⇒t}t−1

k=t−T+1. For cross-
attention, we extract queries from Ft, while keys and values
from each Fk⇒t. To improve computational efficiency in the
attention module, we adopt the neighborhood attention (NA)
mechanism [25]. Specifically, for each query token from Ft, we
only consider key and value tokens in a local window around
the position of the query token.

The self- and cross-attention operations in an attention block
produce T attended feature maps. We apply MLP to fuse these
T feature maps; the fused feature map replaces Ft in the next
attention block. We use three attention blocks with the attention
window size k = 7. After passing through all attention blocks,
the output target frame feature map is denoted by F̂t.

D. Feature Fusion and Decoding

We utilize the target frame feature map Ft, its attended
counterpart F̂t, and additional edge features extracted from
It to generate the final disparity output D̂t. Specifically, the
attended feature map F̂t is first combined with Ft via a
residual convolutional block. A subsequent residual block then
integrates the edge features to further improve the spatial
accuracy.

E. Loss Functions

We freeze the weights of the initial depth model [18] and
train the proposed FCVD using three loss functions: spatial
loss, temporal loss, and auxiliary loss. We adopt the spatial
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Fig. 4. Structure of an attention block in the attention module. The target
frame feature map is updated progressively through each attention block. We
use three attention blocks but show only one block for clarity.

loss function in [16], which consists of affinity invariant loss
and multi-scale gradient matching loss,

Lspa = La inv + αLgrad. (4)

We set the weight α to 0.5 as in [16].
To enforce temporal consistency, we adopt the temporal loss

in [13], given by

Ltem (t, t− 1) =
1

N

N∑

i=1

M
(i)
t⇒t−1

∥∥∥D̂(i)
t − D̂

(i)
t−1⇒t

∥∥∥
1
, (5)

where N denotes the number of pixels, Mt⇒t−1 is the visi-
bility mask in (1), and D̂t−1⇒t is the prediction D̂t−1 warped
toward t.

The final training loss is formulated as

L =
Lspa (t− 1) + Lspa (t)

2
+ λLtem (t, t− 1) + Laux, (6)

where λ = 0.2 is the weight for the temporal loss, and Laux

is the auxiliary loss in (3).

III. DATASETS

We train the proposed FCVD on a mixed dataset comprising
TartanAir [28] and IRS [29]. We conduct zero-shot cross-
dataset evaluation on four widely-used benchmarks: NYUDv2
[19], KITTI [20], Sintel [21] and DDAD [22].

TartanAir: It is a synthetic dataset collected in photo-realistic
environments with various light conditions, weather, and mov-
ing objects. It consists of 369 video sequences across 30
environments. We use training and validation splits in [30].

IRS: It is a large synthetic indoor robotics stereo dataset,
containing over 100K stereo images and corresponding ground
truth disparities. We only use the left images for training.

NYUDv2: It is an indoor dataset, which consists of 464 scenes
with depths up to 10m. We use the official test split [19]. Since
long continuous test sequences are not available, we use 654
video clips of length 5, where the last frames correspond to
test frames, following the setting in [26].

Sintel: It is a synthetic dataset derived from 3D animated films,
with depths up to 72m. It is a challenging dataset due to large
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TABLE I
QUANTITATIVE RESULTS OF ZERO-SHOT CROSS-DATASET EVALUATION. ALL VALUES ARE MULTIPLIED BY 100 FOR CLARITY.

NYUDv2 Sintel KITTI DDAD

δ1 ↑ Rel ↓ OPW ↓ δ1 ↑ Rel ↓ OPW ↓ δ1 ↑ Rel ↓ OPW ↓ δ1 ↑ Rel ↓ OPW ↓
Depth Anything [18] 96.53 5.24 8.05 78.33 19.24 25.22 95.34 7.48 14.05 88.80 10.67 12.10

ST-CLSTM [26] 88.28 11.21 15.43 40.43 88.04 61.70 34.39 44.57 45.17 23.12 83.18 49.30
FMNet [3] 85.46 12.49 18.57 40.42 94.10 65.44 40.01 38.32 41.71 28.29 62.12 33.89
WSVD [27] 71.06 20.01 31.63 47.94 63.68 67.57 39.60 36.99 36.63 23.45 62.82 28.18
DeepV2D [5] 79.41 15.43 28.08 45.13 77.06 116.82 56.02 28.29 69.56 32.94 58.41 85.90
Robust-CVD [10] 88.68 10.90 4.42 60.69 33.03 24.38 74.78 16.63 10.61 72.30 20.41 8.05
ViTA [12] 91.14 9.43 10.39 66.47 27.32 24.43 89.98 10.11 13.28 81.64 15.50 11.78
NVDS [13] 92.48 8.28 5.56 74.47 23.35 16.04 90.62 10.18 16.94 81.16 17.16 12.16
FCVD (Proposed) 92.35 8.29 5.05 73.48 23.75 14.50 91.33 9.66 12.34 82.43 15.80 11.44

motions and blurry effects. We use the final versions of 23
video sequences for evaluation.

KITTI: It is an outdoor dataset, composed of real-world
driving scenes with depths to 80m. We use the Eigen test split
[31], which includes 28 test video sequences. Following [12],
we limit each sequence to a maximum of 200 frames and use
Garg crop [32] for evaluation.

DDAD: It is another outdoor dataset designed for autonomous
driving. Compared to KITTI, it is more densely annotated and
covers a longer range of depths, up to 200m. We use the official
50 validation video sequences for evaluation.

IV. EXPERIMENTAL RESULTS

A. Implementation Details

We set the input clip length to T = 4. Since the training
dataset of VDW [13] is not publicly available, we initialize our
backbone with their pretrained weights. We use the AdamW
optimizer with cosine annealing. We perform random crop
augmentation with an input resolution of 384× 384 and train
FCVD for 25 epochs with a batch size of 4 and a learning rate
of 1× 10−5. We use four NVIDIA RTX 4090 GPUs.

B. Evaluation Metrics

We evaluate the performance of the proposed FCVD in
terms of both depth accuracy and temporal consistency. For
depth accuracy, we use the commonly adopted mean absolute
value of relative errors and percentage of pixels with δ > 1.25,
denoted by Rel and δ1, respectively. We adopt the optical
flow based warping (OPW) metric [3, 13] to evaluate temporal
consistency, which is defined as:

OPW =
1

N − 1

N∑

t=2

Ltem (t, t− 1) , (7)

where N is the length of an input video sequence.

C. Comparative Assessment

Table I presents quantitative results on zero-shot cross-
dataset evaluation. Note that we compare the performance of
the proposed FCVD against the video-based depth estimation
methods only, while [18] is an image-based depth estima-
tion method. The methods in Table I are categorized into

four groups: non-geometric methods [3, 26, 27], a geometric
method [5], a test-time training method [10], and robust meth-
ods [12, 13]. The non-geometric methods are trained without
geometric constraints. For [26] and [3], models pretrained on
the NYUDv2 dataset are used. These two are the only methods
trained using one of the evaluation datasets. Teed and Deng
[5] represent a geometric method that employs a multi-view
stereo approach to perform matching over video frames. While
[10] also adopts geometric constraints, it is a test-time training
method to optimize network parameters during inference. The
robust methods [12, 13] and the proposed FCVD aim to predict
depth maps without geometric constraints. In the case of [12],
which does not function as an add-on framework, we use
the DPT-Large version [17]. We apply their overlap inference
strategy when evaluating [12]. Since [13] functions as an add-
on framework similar to FCVD, we train it based on [18] in
the same way as FCVD. Fig. 5 shows qualitative comparisons
of competing methods.

It is observed from Table I and Fig. 5 that the non-
geometric methods [3, 26, 27] exhibit limited generalization
capability. While they can estimate reliable depths for indoor
scenes, their performance degrades significantly in dynamic or
outdoor scenes. The performance of the geometric method [5]
is also inconsistent across datasets. In particular, its temporal
consistency notably drops on the dynamic scenes of Sintel,
where the geometric constraints are ineffective. As shown in
Fig. 5, [5] often fails to match frames in the presence of large
motions. The test-time training method [10] achieves strong
temporal consistency and generalizes well across datasets.
However, its depth accuracy is suboptimal compared to the
robust methods [12, 13], and it often produces visual artifacts
in Fig. 5. The quantitative results demonstrate that [12] and
[13] generalize well to unconstrained scenes across diverse
domains. Nonetheless, their predictions often lose some details
in Fig. 5, whereas the proposed FCVD preserves such details
more faithfully. Overall, the proposed FCVD outperforms the
existing video depth estimation methods.

Fig. 6 compares the temporal consistency. For each sampled
video sequence from Sintel, KITTI, and DDAD, we select a
horizontal scanline and extract slices of the predicted disparity
maps along this scanline over time. These slices are concate-
nated to visualize the temporal behavior of the predictions.
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Fig. 5. Qualitative comparisons of video depth estimation methods on four benchmarks. Note that the ground-truth depths for KITTI and DDAD are sparse.

Fewer vertical color fluctuations indicate higher temporal
consistency, while sharper vertical edges reflect clearer object
boundaries. We observe that [10] struggles to preserve object
boundaries. In the Sintel and KITTI results, both FCVD
and [13] produce more accurate disparities and clearer object
boundaries than [12]. Although FCVD and [13] exhibit similar
temporal trends overall, the Sintel results indicate that FCVD
achieves superior temporal consistency than [13].

V. CONCLUSIONS

In this paper, we propose a flow-guided consistent video
depth estimator (FCVD) for cross-dataset generalization. Com-
pared to existing approaches, the proposed FCVD effectively
leverages optical flow to integrate information from reference
frames into a target frame. As FCVD is designed as an
add-on framework, it can be applied to any existing depth
estimation model to improve the temporal consistency of its
predictions. Experimental results on zero-shot cross-dataset

evaluation demonstrate that FCVD produces accurate and tem-
porally consistent depth maps across unconstrained domains.
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