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Figure 1. Results of the (a) Depth Anything v2 [48], (b) GEDepth [49] and proposed (c) STATIC from sequential frames. (c) improves
ground continuity over the single-frame approach (a) and achieves better temporal consistency in object shape and depth compared to other
video depth estimation method (b). For visual comparison, each method is rescaled.

Abstract

Video monocular depth estimation is essential for appli-
cations such as autonomous driving, AR/VR, and robotics.
Recent transformer-based single-image monocular depth
estimation models perform well on single images but strug-
gle with depth consistency across video frames. Traditional
methods aim to improve temporal consistency using multi-
frame temporal modules or prior information like optical
flow and camera parameters. However, these approaches
face issues such as high memory use, reduced performance
with dynamic or irregular motion, and limited motion un-
derstanding. We propose STATIC, a novel model that in-
dependently learns temporal consistency in static and dy-
namic area without additional information. A difference
mask from surface normals identifies static and dynamic

area by measuring directional variance. For static area,
the Masked Static (MS) module enhances temporal consis-
tency by focusing on stable regions. For dynamic area, the
Surface Normal Similarity (SNS) module aligns areas and
enhances temporal consistency by measuring feature sim-
ilarity between frames. A final refinement integrates the
independently learned static and dynamic area, enabling
STATIC to achieve temporal consistency across the entire
sequence. Our method achieves state-of-the-art video depth
estimation on the KITTI and NYUv2 datasets without addi-
tional information.

1. Introduction

Depth estimation aims to generate a dense, pixel-level depth
map from an RGB image, which is essential in applications
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such as autonomous driving, AR/VR, and robotics. Re-
cently, transformer-based monocular depth estimation mod-
els [2, 35, 35, 51] have demonstrated superior perfor-
mance due to their robust generalization abilities, relying on
large-scale datasets of paired single-view images and depth
maps. In real-world applications like autonomous driving
and robotics, depth maps are typically required from con-
secutive video frames. Monocular depth estimation can pro-
cess video frames by predicting depth for each frame indi-
vidually. However, it cannot consider inter-frame depth re-
lationships. As illustrated in Figure | (a), per-frame pre-
dictions exhibit low inter-frame consistency. To handle
these issues, several recent methods address temporal in-
consistency by leveraging the global context inferred from
multiple frames, enhancing connectivity across the tempo-
ral dimension [31, 50, 53]. By using multiple-frame in-
puts, the model improves inter-frame consistency by learn-
ing from diverse scenes. Others use explicit cues like opti-
cal flow [8, 47] or camera parameters [3, 40, 49] with high-
quality motion estimation to enhance temporal consistency
in depth predictions.

However, each previous temporal consistency method
faces two major problems. Firstly, many multi-frame meth-
ods often focus on broad frame-to-frame changes rather
than detailed local motions, making it harder for the model
to capture subtle movements. Additionally, processing mul-
tiple frames simultaneously leads to inefficiencies and high
memory consumption. Secondly, methods using explicit
cues poorly perform with dynamic and irregular move-
ments, leading to inaccurate motion information. Moreover,
these methods struggle to independently capture the move-
ments of both the foreground and background. This limita-
tion often causes the edges of foreground elements to blur
or lose clarity as the background shifts. As shown in Fig-
ure 1(b), unclear outlines can be observed for the same ob-
ject between frames. Additionally, methods using explicit
cues can become overly dependent on these additional cues,
as mentioned in [22].

To address these issues, we propose a novel video es-
timation model, Surface Temporal Affine for Time Con-
sistency in Video Monocular Depth Estimation called
STATIC. Our model identifies movements between two
video frames as the dynamic and static areas without relying
on additional motion information. Additionally, STATIC
independently learns temporal consistency in both areas,
enabling the model to capture various depth changes be-
tween frames resulting from different movements in each
area. To distinguish the two areas, we generate a differ-
ence mask based on surface normals, which represent the
scene’s geometric structure. Variations in surface normal
between frames indicate geometric transformations or posi-
tional shifts, enabling the difference mask to capture these
changes through directional variance magnitude.

After separating areas with the difference mask, STATIC
learns the static and dynamic area through each module.
Since the static area is identical across frames, remaining
this area simplifies temporal learning. Therefore, we intro-
duce the Masked Static (MS) Module, which learns the tem-
poral consistency between the first and second frames by re-
maining only the static area using the difference mask. This
enhances continuity in areas such as floors and walls. In
contrast, dynamic area with large differences are misaligned
and require alignment to achieve temporal consistency. To
address this, we introduce the Surface Normal Similarity
(SNS) module, which utilizes features to align positions be-
tween frames in dynamic area, generating a similarity map
that highlights these alignments. Through non-local atten-
tion between the query frame and the next frame, we adap-
tively derive the feature similarity to create a location simi-
larity map. In this process, we concatenate the surface nor-
mal and depth features. The surface normal and depth fea-
tures respectively capture geometric and distance similar-
ity, resulting in a map that highlights spatially and geomet-
rically aligned locations in dynamic area. Thus, the SNS
module leverages feature information to identify and learn
the movement of identical objects, ensuring spatial and tem-
poral depth consistency despite camera movement. Lastly, a
refinement process unifies the independently learned static
and dynamic area, enabling STATIC to achieve temporal
consistency across the entire sequence.

As shown in Figure | (c), the proposed STATIC en-
sures spatial and temporal consistency across all areas. Our
method was evaluated on two widely-used datasets: KITTI
Eigen split [13], NYUv2 [39]. STATIC achieves state-of-
the-art performance on both without additional information.

Our main contributions are summarized as follows:

* We propose STATIC, a novel video depth estimation
model that identifies movements without relying on ad-
ditional motion information.

* We carefully design a method with the SNS module for
dynamic areas and the MS module for static areas to en-
hance temporal consistency.

* We achieve state-of-the-art performance in the video
depth estimation using only image data on the KITTI
Eigen split and NYUv2 datasets.

2. Related Work
2.1. Monocular Depth Estimation

Monocular depth estimation, driven by deep learning, pre-
dicts depth from a single image as a practical alternative
to multi-camera or radar setups. It includes continuous
regression for pixel-wise depth [6, 14, 38, 52, 54] and
classification-based methods using ordinal regression for
depth ordering [4, 9, 24]. Recent integration of Transformer



architectures [35, 48, 51] has further improved accuracy,
with encoders capturing long-range dependencies and de-
coders enhancing feature fusion for refined maps [2]. De-
spite these advances, monocular depth estimation remains
limited by single-frame analysis, missing temporal cues es-
sential for capturing depth changes. Without temporal in-
formation, it struggles to adapt to dynamic scenes with
moving objects or perspective shifts, often producing unsta-
ble predictions when scene depth fluctuates. This instability
reduces effectiveness in video applications where consistent
depth tracking is crucial.

2.2. Video Depth Estimation

Video depth estimation builds on monocular depth pre-
diction by incorporating temporal consistency and motion
cues across frames, enhancing stability and accuracy over
time. Unlike single-frame approaches, it captures tem-
poral dependencies to resolve frame-to-frame inconsisten-
cies in dynamic scenes. Recent advancements leverage
RNNs [8, 31, 50, 53] and optical flow [12, 16, 41] for
improved temporal alignment. RNNs use memory to link
depth predictions across frames and enhance stability, while
optical flow provides explicit motion cues, aligning depth
with object dynamics. Transformers have also been adopted
to capture both spatial and temporal dependencies, improv-
ing consistency over time. More recently, diffusion mod-
els [10, 17, 32], supported by larger datasets, have been ex-
plored. However, they mainly enhance data diversity rather
than directly tackling the unique challenges of video depth
consistency. Despite these advances, challenges remain,
particularly the high memory demands and computational
costs required to process depth estimation. These limita-
tions highlight the need for further research to achieve more
stable and efficient video depth estimation.

2.3. Surface Normal-based Approaches

Previous methods [27, 28] have exploited surface normals
to enhance the geometric quality of depth by preserving
structures such as corners, boundaries, and planes. Surface
normals from local depth gradients remain stable across
frames, as gradient directions do not change significantly
when large structures are preserved. Even when depth val-
ues show low correlation across frames, surface normals
remain consistent. However, prior works overlooked this
property and focused mainly on sharp edges. Our contri-
bution is to explicitly leverage inter-frame normal consis-
tency in a video-based method, for the first time. Using this
property, we compute inter-frame differences by analyzing
the variation and dispersion of surface normal directions at
each pixel, thereby identifying regions that differ in the sub-
sequent frame. In these regions, our proposed SNS and MS
modules enforce consistency, enabling temporally consis-
tent video depth prediction.

3. Method

3.1. Preliminaries

Surface normals, which describe the orientation of surfaces
within a scene, are closely related to depth and provide com-
plementary geometric information crucial to maintaining
spatial and temporal consistency. This relationship is strong
enough that simple operators, like Sobel filters [18], can ef-
fectively capture surface normal cues from depth variations,
offering a fundamental basis for depth estimation models to
understand structural changes across frames. By analyzing
directional variations, surface normals assist in identifying
changes in scene geometry, allowing depth models to adapt
more robustly to transformations without relying on exter-
nal motion data. This approach enhances stability in dy-
namic environments, capturing depth details more reliably
by leveraging the inherent geometry of the scene.

3.2. Overall Architecture

Figure 2 shows the overall architecture of STATIC. Our
model uses only two frames, I, € R3*#*W where t €
[0,1], as input. I; is passed through an encoder to ob-
tain the encoder feature. These features are shared by
both the surface normal decoder and the depth embedder.
The depth embedder processes these features to produce
the depth context feature Z¢ € RO X% Addition-
ally, the encoder feature is passed through a simple sur-
face normal decoder. This decoder generates both the sur-
face normal image N; € R3X €% and the surface nor-
mal features Z}' € RC"x & x % , which is a multi-scale nor-
mal decoder feature. IV, is utilized to generate a difference
mask, which serves to separate regions of structural change.
STATIC obtains temporal consistency by employing both
the Masked Static (MS) module and the Surface Normal
Similarity (SNS) module. The MS module takes depth fea-
tures and a difference mask as inputs. It applies masking
to each frame’s depth feature to generate temporal consis-
tency information for the static area. Additionally, the SNS
module takes depth features, surface normal features, and a
difference mask as inputs. It ensures alignment and main-
tains temporal consistency in the dynamic area. Finally, the
independently learned SNS and MS module features are re-
fined and connected to obtain a video feature with tempo-
ral consistency. This video feature is concatenated with the
output from the depth embedder. The depth head then per-
forms upsampling to generate consecutive depth maps for
both frames.

3.3. Difference Mask

Figure 3 shows the process of generating the difference
mask M? € RI>*§X% . To generate M?, N; produced
by the surface normal decoder is used. These surface nor-
mal directions indicate the surface’s slope, and the set of
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Figure 2. Overall architecture of the proposed STATIC model. The model primarily consists of an encoder, depth embedder, and video

modules, with a surface normal decoder and head as submodules.
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Figure 3. The process of generating the difference mask. The
difference mask is updated at each step from (a) to (c). Step (a)
involves pixel-wise variance calculation, (b) applies thresholding,
and (c) refines the results using a pseudo-labeling process. The
final mask M is utilized within the model.

these directions represents the geometric characteristics of
the object.

Firstly, we compute the difference in /V; by calculating
its directional variance 2. This o2 represents directional
differences in terms of magnitude. To determine the total
directional variance, % is computed pixel-wise along each
axis (x, ¥, and 2), and these values are then summed to
obtain o2 , ;. this process is expressed as follows:

1 N
Ut20tal = N Z Z (Uk(l) - :uk)Q ) (D

i=1 ke{z,y,z}

where N is the number of pixels, vy (%) represents the com-
ponent of the k axis direction at each pixel coordinate, and
(i represents the mean value along each axis. Secondly,
the mean value p,2 of 02, is subtracted from the variance

mask. Due to camera movement affecting all regions, afoml
is non-zero even in static areas. Thus, we treat the most fre-
quently occurring 2 ,,, in N; as the camera’s movement
and consider it as u,2. To compensate for the camera’s
movement, we subtract 2 from o2, ;. Furthermore, we
use the learnable parameter « for a more adaptive threshold.
this process is expressed as follows:

1 it o2, > (Ho2 + @)
0 otherwise

M* = )

Finally, to achieve a clearer outline of the mask, we use M d
as a pseudo-label to perform refinement. The refinement
utilizes N; and M? as ir}l{puts. Figure 3 (c) shows the final
output mask M! € R € X%

3.4. Surface Normal Similarity Module

The SNS module is used to ensure temporal consistency in
the dynamic area within M !, However, M! represents the
motion between two frames, so all movements from both
frames are captured within a single mask. Therefore, to
match M! with each frame, we create a similarity map that
captures the corresponding locations between them.

As shown in Figure 4, the detailed structure of the SNS
module is presented. First, the depth context feature Z¢ and
surface normal feature Z{* are concatenated along the chan-
nel axis to form Z; € RL:x (CY +C) | where L, represents
the total number of pixels % X % for each frame.

Z§ multiplied by M is used as the query feature, and
Z3 as the key feature. After performing the dot product
between the query feature and the key feature, softmax is
applied to obtain the location similarity map S € RFox[1
based on the location similarity between features within
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Figure 4. The structure of the SNS module. First, a similarity
map S is generated using two features. Then, by multiplying this
map with the depth features of other frames, a process similar to
warping is performed.

M. The depth feature is used to obtain distance similar-
ity, while the surface normal feature is used to obtain geo-
metric similarity. Therefore, in dynamic areas of M! with
low correlation, each frame’s similarity decreases, allowing
alignment. this process is expressed as follows:

S = softmax((Z5 & M"Y - Z; ), 3)

where Z§ € RLox(C5+C5) and 73T € R(CI+CT) L1 By
using the depth context feature Z¢ € RE1*CT a5 the value
feature with S, the aligned feature Z%!9" ¢ RL0XCY can
be obtained. This results in mapping the next frame depth
context O to the corresponding locations Ly in the current
frame. Finally, the SNS module learns the dynamic tempo-
ral consistency Z/¥"* € RE*¥ %% by concatenating and
refining the first frame Z§ and the aligned frame Z®!9n.
This enables the SNS module to comprehend depth varia-
tions in dynamic areas. In the same manner, the process is
repeated with the frames in reverse order.

3.5. Masked Static Module

As shown in Figure 5, the detailed structure of the MS mod-
ule is presented. (1 — M) refers to the static area of the
frames. Multiplying Z¢ with (1 — M?") results in retain-
ing only the aligned area. Therefore, we multiply the static
area (1 — M') by the depth context feature Z¢ for each
frame. The MS module follows a cross-attention structure
CrossAttn(Q, K, V). To capture the correlation between
the frames, the query feature is derived from Z¢, while the
key and value features are taken from Z{. This process
yields results similar to warping in the same area, and we
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Figure 5. The structure of the MS module. First, an attention
mechanism is applied using masked features that retain only the
static area. Next, a refinement process is conducted to integrate
the aligned feature with the depth feature.

repeat this procedure in reverse order for the frames in the
same manner to obtain aligned static features. Finally, the
aligned features and query features are concatenated and
processed through a refinement process using a simple con-
volutional structure. Therefore, we obtain static temporal
consistency Zgatic ¢ RCX¥ 5 _ this process is expressed
as follows:

Zstatic conv(concat(Zf“gna th ©01- Ml)), “)

where Z2"9"™ is aligned static features.
Then, the independently learned features, Z;'“'*¢ and
Z3vm are combined to form a unified video feature Z?.

3.6. Loss function

Following previous works [20, 52], we use a scaled version
of the Scale-Invariant loss (SILog) [7] to train the depth
map. In addition, we use Mean Squared Error (MSE) to
supervise the surface normal. Similarly, MSE is also em-
ployed in the process of generating the refined difference
mask M'. The M' generation loss is defined as follows:

1 N
Limask = 5 (M (i) = M'(0))?, 5)
i=1

where N denotes the total number of pixels within the dif-
ference mask. Therefore, each loss term is combined into a
total loss, with the MSE loss terms weighted by a factor of
. this process is expressed as follows:

Ltotal = LDepth + - LNormal + - LMask7 (6)

where Lpepin, is SILog, while Lnormar and Lpsqsr are
MSE. Following [20], we use the SILog parameter A =
0.85. In addition, we set o« = 10.



Method Frame C O M AbsRel] SqRel] RMSE| /<1251 §<12521 §<1.25%7¢
PEM [21] SF - - 0.068 0.221 2.127 0.958 0.993 0.9983
AdaBins [4] SF - - - 0.058 0.190 2.360 0.964 0.995 0.9993
BinsFormer [24] SF - - - 0.058 0.190 2.336 0.964 0.996 0.9994
DepthFormer [1] SF - - - 0.053 0.187 2.285 0.970 0.996 0.9994
PixelFormer [2] SF - - - 0.052 0.152 2.093 0.975 0.997 0.9994
GEDepth [49] SF voo- - 0.049 0.143 2.0438 0.976 0.997 0.9994
NeuralRGB [25] MF v oo - 0.100 - 2.829 - - -
ST-CLSTM [53] MF - -V 0.101 - 4.137 0.890 0.970 0.9890
FlowGRU [8] MF - v v 0.112 0.070 4.260 0.936 0.983 0.9930
Flow2Depth [47] MF v ovoo- 0.109 - 4.284 0.910 0.980 0.9900
RDE-MV [31] MF - - v 0.111 0.821 4.650 0.898 0.972 0.9890
FMNet [43] MF - - - 0.069 0.342 3.340 0.946 0.986 0.9960
ManyDepth-FS [45] MF v - - 0.053 0.243 2.248 0.975 0.997 0.9994
TC-Depth-FS [37] MF - - - 0.059 0.249 3.280 0.947 0.985 0.9940
MAMo [50] MF - v 0.049 0.130 1.989 0.977 0.998 0.9995
STATIC MF - - - 0.048 0.137 1.977 0.979 0.998 0.9994

Table 1. Performance comparison between various methods on the KITTI Eigen dataset. The best results are in bold. "MF” indicates multi-
frame methods, ”SF” indicates single-frame methods, ”O” represents optical flow, ”C” represents camera parameter, and "M” represents

memory.

4. Experiments

4.1. Evaluation Metrics

We employ standard evaluation metrics, including Aver-
age Relative Error (Abs Rel), Root Mean Squared Error
(RMSE), Threshold Accuracy (§) at thresholds 1.25, 1.252,
and 1.253, and Square Relative Error (Sq Rel).
Additionally, we use a metric s from Li et al. [23] for
evaluating temporal consistency. This metric is as follows:

1 D; — Dy
TC; = ——— S K, |22t
q t Z(Kt —_ )Z t D,

B 1 D; DY
rTC, = S, == )ZKt {Mu(l)?, Dt) <thr],

where D, is the predicted depth, D}’ is the warped depth
from D;_1, and K* is a depth validity mask. We use Flow-
former [16] as the optical flow model for warping. We use
this metric to present the temporal consistency comparison
results in Table 3.

?

4.2. Datasets

KITTI Eigen: The KITTI dataset [13] is among the most
frequently utilized benchmarks for outdoor depth estima-
tion. In our approach, we adopt the Eigen split for training
and testing, which includes 23,488 training images and 697
test images. Video sequences corresponding to these train-
ing and test images are utilized, with each video frame hav-
ing a resolution of 375x1241 pixels. For evaluating the test
set, we apply the crop defined by Garg et al. [11], and depth
estimation is performed up to a distance of 80 meters.

NYU Depth v2: NYU v2 [39] is a well-known indoor
dataset, providing 120,000 RGB and depth image pairs
(480x640 resolution) collected as video sequences across
464 indoor environments. For video-based evaluation, we
adapted the dataset by employing the test approach adopted
by [44]. Specifically, we used 249 scenes from the origi-
nal 464 scenes, comprising pairs of RGB and sync depth
images [20] for training. The remaining 215 scenes con-
taining 654 images were used for testing. Each depth map
is limited to a maximum range of 10 meters, and we apply
center cropping as suggested by Eigen et al. [7].

4.3. Result

Results on KITTI: Table | presents our results on the
KITTI dataset, where STATIC demonstrates robust perfor-
mance with minimal input requirements. We compare our
approach against various state-of-the-art multi-frame and
single-frame methods. Even without camera parameters,
additional memory, or optical flow, our model achieves
competitive results across all metrics. Our model’s depth
embedder is based on PixelFormer [2] and outperforms
the baseline, highlighting the effectiveness of the temporal
consistency module. Furthermore, our approach improves
RMSE by approximately 0.60% over the recently proposed
MAMo [50], even though MAMo uses more frames. These
results indicate that our model effectively preserves consis-
tency in independent areas, even in the presence of substan-
tial movement within outdoor environments.

Results on NYU v2: Table 2 presents our results on
the NYU v2 dataset. Following the evaluation procedure
of [2] and without additional training data, our method
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Figure 6. Qualitative comparison of video methods on the KITTI Eigen dataset.

Type Method 6 <1251 AbsRel |
SF  Midas-v2.1-Large [34] 0.910 0.095
DPT-Large [35] 0.928 0.084
WSVD [42] 0.768 0.164
ST-CLSTM [53] 0.833 0.131
MF DeepV2D [40] 0.924 0.082
FMNet [43] 0.832 0.134
VITA [46] 0.922 0.092
MAMo [50] 0.919 0.094
MF STATIC 0.934 0.087

Table 2. Performance comparison between various methods on the
NYU v2 dataset.

achieves state-of-the-art performance on the § < 1.25 met-
ric. Specifically, our model demonstrates a 1.63% im-
provement over the recently proposed MAMo method on
0 < 1.25 and a 0.65% gain over the previous state-of-the-
art. Furthermore, our model shows effective improvements
on the Abs Rel metric compared to other multi-frame meth-
ods.

Qualitative Results: Figure 11 demonstrates that STATIC
considerably improves depth estimation compared to other
video methods. The regions separated by M' are created
through computation, indicating that even small and dis-
tant movements are taken into account. In the bottom sam-
ple, the result from our model successfully distinguishes
the depth of a distant parasol, emphasized by the red box.
Additionally, learning in independent areas enables a bet-
ter understanding of diverse depth variations in dynamic ar-
eas, producing clearer results. This clarity is evident in the
sharpness of objects like the bicycle and person in the first
sample, and the sign in the second sample.

Temporal Consistency: Table 3 presents a numerical com-
parison across various methods using standard evaluation

metrics to assess temporal consistency. Notably, our ap-
proach achieves a 1.76% improvement in relative Temporal
Consistency (rTC) compared to the previous highest per-
formance. Moreover, an impressive 12.79% increase is ob-
served in absolute Temporal Consistency (aTC). These find-
ings emphasize the substantial contribution of independent
area learning in enhancing temporal consistency, demon-
strating that even a small number of frames, in this case
only two, can yield significant improvements in maintain-
ing stable predictions over time. Further insights are pro-
vided by Figure 10, which shows qualitative comparisons
across 60 consecutive frames, illustrating each method’s
ability to maintain temporal consistency over time. Com-
peting methods often display striping artifacts, indicating
instability in estimated depth. In contrast, STATIC shows
a reduction in both the occurrence and intensity of these
artifacts, highlighting its stability in maintaining tempo-
ral consistency over an extended sequence. These results
demonstrate STATIC’s ability to provide reliable depth esti-
mations, contributing to smoother transitions and improved
visual coherence across frames.

4.4. Ablation Study

Effect of MS module: Table 4 demonstrates the effective-
ness of each module. The MS module primarily serves to
maintain temporal consistency in static areas. Since static
areas occupy the majority of the scene, removing the MS
module increases the regions where temporal consistency
cannot be learned, leading to a decline in RMSE perfor-
mance of 1.57%. This result underscores the significance
of the MS module in sustaining overall performance.

Effect of SNS module: The SNS module contributes to
temporal consistency in dynamic areas, focusing on align-
ing contours and smaller regions with significant motion
within the image. Since these small, high-motion areas
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Figure 7. Temporal consistency qualitative comparison of previous methods on the outdoor KITTI Eigen dataset.

Type Method rTC1 aTC|
NeWCRFs [52] 0914 0.116

SF iDisc [33] 0.923  0.108
GEDepth [49] 0919 0.133

Depth Anything V2 [48] 0.946  0.099
TC-Depth-FS [37] 0.901 0.122

MF Many-Depth-FS [45] 0.920 0.111
NVDS [44] 0.951  0.096

MAMo [50] 0.966  0.086

MF STATIC 0.983 0.075

Table 3. Comparison of temporal consistency across various meth-
ods on r'TC and aTC.

SNS MS AbsRel] RMSE| 6<1257

- - 0.051 2.022 0.977
v - 0.050 2.008 0.978
- v 0.050 1.989 0.978
v v 0.048 1.977 0.979

Table 4. The ablation experiment evaluates the individual ef-
fects of the SNS module and the MS module on the KITTI Eigen
dataset.

have a limited impact on the whole image, the removal of
the SNS module leads to a smaller RMSE drop of 0.61%
compared to the MS module. Given that the model learns
each area independently before integrating them, the ab-
sence of one module introduces empty regions, thereby re-
ducing overall performance. Thus, the ablation study illus-
trates that the combined use of both modules, with their in-
dependent learning and integration, is essential to enhance
performance, highlighting the importance of including all
modules.

4.5. Limitations

Our model utilizes surface normal to separate regions, as
surface normals and depth share common features and are
intrinsically related. Consequently, a decline in the perfor-
mance of either can significantly impact the model’s over-
all performance. Therefore, maintaining a balance between
surface normal and depth during training is essential. When
one side becomes overly dominant, effective learning is hin-
dered, leading to decreased training stability. Additionally,
our model requires supervision on surface normal during
the training stage, which makes it necessary to pre-compute
surface normal from the depth map using a Sobel-like fil-
ter. Furthermore, our model achieves temporal consistency
by using modules based on depth context features generated
by a depth embedder. These features require sufficient qual-
ity to maintain temporal consistency, as they heavily depend
on the encoder and depth embedder performance. As a re-
sult, the temporal consistency of the SNS and MS modules
is significantly dependent on the encoder’s performance.

5. Conclusion

The STATIC model addresses the problem of temporal con-
sistency in video monocular depth estimation without rely-
ing on additional motion information. Ablation studies con-
firm the efficiency of using both the Surface Normal Simi-
larity (SNS) and Masked Static (MS) modules, which inde-
pendently handle dynamic and static areas. Our mask lever-
ages surface normals to capture geometric structures, main-
tain frame alignment, and reduce prediction errors. This ap-
proach leads to improved temporal consistency on datasets
like KITTI and NYUv2. The independent learning strategy
demonstrates superior accuracy and achieves high perfor-
mance without additional inputs.
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Figure 9. Results of STATIC in a scenario where both the camera and the object are moving.

6. Appendix

7. Implementation Details

The proposed method is implemented using the
AdamW [29] optimizer with [ parameters of 0.9 and
0.999, a batch size of 2 with 2 frames per batch, and a
weight decay set to 1072, We train the model over 20
epochs on both the KITTI and NYUv2 datasets, starting
from an initial learning rate of 4 x 10~°, which linearly
decays to 4 x 10~° over the training process. With four
NVIDIA 4090 GPUs, each epoch takes approximately
60 minutes. The encoder backbone is initialized with
pre-trained Swinv2-L [26] weights. During testing, final

depth predictions are obtained by averaging the outputs
from both the original and mirrored inputs. We employ a
training and testing protocol same to those used in [2, 20].

8. Model Architecture Details

We provide a more detailed explanation of our model ar-
chitecture. In this paper, we employ the Swin Transformer
V2 [26] as the encoder. For depth embedding, we utilize the
Pixelformer’s decoder [2], which is known for its powerful
depth decoding capabilities. Additionally, the features pro-
cessed by the depth embedder are passed through the SNS
and MS temporal consistency modules. Each of these mod-
ules utilizes the SAM block proposed in the Pixelformer,
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Figure 10. Qualitative comparison of video methods on the MPI-Sintel dataset. Depth results are aligned along the yellow line across all

frames for comparison.

which has been modified to align with the temporal consis-
tency requirements of our model. The SAM block, based
on the Swin block, enables the SNS and MS modules to
operate as attention mechanisms driven by a window-based
structure. Moreover, we set the window size of the SNS
module larger than that of the MS module, allowing the
SNS module to capture information from more distant re-
gions, while the MS module focuses on closer areas. Fi-
nally, the model generates the final depth map through up-
sampling and simple convolution layers.

9. Surface Normal Ground Truth Generation

We employ supervised learning for surface normals, which
requires ground truth (GT) data. To simplify GT acquisi-
tion, we generate surface normal GT by applying a Sobel
filter [18] to the depth map. A depth map provides z-axis
information for each pixel, while the Sobel filter computes
gradients in the x and y directions through differential op-
erations. Combining these values yields the normal vector
at each pixel, defining the surface orientation. However,
radar-based depth maps are very sparse, making it difficult
to apply the Sobel filter effectively. To address this limita-
tion, we first generate a dense depth map using Depth Any-
thing V2 [48]. Importantly, surface normals do not require
temporally consistent depth; they only depend on the con-
sistency of depth shapes. Thus, generalization performance
is especially critical in this context. Finally, we apply the
Sobel filter to the dense depth map to obtain the surface

Method | Type | 1T Rell OPW | T(ms)
DPT [35] , 0.597 0339 0612 677
Midas [34] mage 10.485 0.410 0.843  53.0
CVD [30] - 0.518 0406 0.497 .
WSVD [42] oW 10501 0439 0577  296.6

Robust-CVD [19] | [0.521 0422 0475 .
GEDepth! [49] 0.522 0430 0473 185
ST-CLSTM [53] |Memory|0.351 0.517 0585  40.5
FMNet [43] 0357 0513 0521 2703
DeepV2D [40] | (.0 0486 0526 0534 975.68
NVDS-Midas [44]] "'9°° [0.532 0374 0.469 108.4
NVDS-DPT 0.591 0.335 0.424 120.76
Ours | Video [0.598 0.330 0.405 197.32

Table 5. Performance comparison of various methods on the Sintel
dataset. The best results are highlighted in bold, and the second
best results are underlined. Note that T indicates retrained model
and T denotes inference time.

normal ground truth.

10. Additional Experiments
10.1. MPI-Sintel Dataset

We evaluate our method on the MPI-Sintel dataset [5],
which consists of 23 synthetic sequences of dynamic scenes
with ground-truth depth in metric scale. The dataset pro-
vides two rendering variants, clean and final, the latter in-
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Figure 11. Qualitative comparison of static and dynamic camera scenarios. Video frames, surface normal, and the corresponding difference
mask across consecutive frames are shown, with optical flow for comparison.

cluding realistic effects such as motion blur and haze. While
Sintel is synthetic, incorporating unlabeled real world im-
ages has been shown to greatly improve generalization
across test sets.

10.2. Evaluation Metric

We evaluate our method using both depth accuracy and tem-
poral consistency. For depth accuracy, we report standard
metrics such as Relative Error (Rel) and Threshold Ac-
curacy (0 < 1.25), following the same protocol as prior
methods. To measure temporal consistency, we follow FM-
Net [43] and adopt the optical flow-based warping metric
(OPW).

10.3. Quantitative Results

Table 5 presents our results on the Sintel dataset [5].
Following the evaluation procedure of [44], we compare
against representative image, flow, camera, and memory-
based baselines. Our method achieves the best performance
in § < 1.25, Rel, and OPW, demonstrating high accuracy
with competitive inference time together with temporal con-
sistency. Compared with prior video-based approaches such
as NVDS [44], our model achieves a significant improve-
ment in OPW, indicating enhanced robustness in main-
taining temporal consistency. These results highlight the
effectiveness of our video driven strategy in capturing tem-
poral coherence while maintaining competitive depth accu-
racy. This improvement is primarily attributable to surface
normals, which provide consistent geometric cues that pre-
serve fine grained boundaries and contribute to higher per-
formance. In addition, the resulting difference masks help
reinforce temporal consistency. Consequently, these cues
enable more stable depth alignment across frames.

10.4. Qualitative Results

Figure 10 provides a qualitative comparison across all
frames of each scene to illustrate temporal consistency.
While the compared approaches often exhibit striping pat-

terns that reflect temporal inconsistencies in the estimated
video depth, STATIC considerably reduces both the fre-
quency and intensity of these striping patterns over long
sequences. In addition, beyond background stability, our
model maintains structural consistency more effectively
than the compared methods. This advantage arises from
the difference mask, which explicitly highlights structural
changes and enables the model to preserve consistency in
geometric details over longer sequences. Especially in the
first scene, STATIC also demonstrates superior geomet-
ric consistency, producing sharp results without edge am-
biguity or shape distortion. These observations indicate
that STATIC produces reliable monocular video depth es-
timates, enabling smoother frame to frame transitions and
improved visual consistency.

11. Robustness of the Difference Mask

Figure 11 illustrates that surface normal-based difference
mask effectively capture structural changes under both
static and dynamic camera conditions. Surface normals
remain highly consistent across frames, which provides a
foundation for generating difference masks by detecting
variations in normal directions at each pixel.

In Figure 11 (a), the difference mask highlights only the
moving hand while the background remains unchanged,
producing regions that align well with optical flow. In Fig-
ure 11 (b), where the camera is moving, differences also
appear in the background, while the motion of the person
aligns well with optical flow.

A key distinction from optical flow is that the proposed
difference mask isolates truly changing regions rather than
modeling global scene motion. In optical flow, this global
motion appears as large areas on the right shaded in blue
and on the left shaded in red, compared to the more struc-
tural background changes captured by the difference mask.
This behavior can also be observed in Figure 4 (a) between
frames 3 and 4 at the cane. By explicitly separating dy-
namic and static regions, our method enforces consistency



FrameSpeed ‘ 00T Rell OPW |
x1 0.598 0.330  0.405
x0.5 0.595 0.334 0411
x0.33 0.571 0.359  0.424

Table 6. Performance Evaluation at Different Frame Speeds.

only where structural changes occur, rather than aligning all
background areas globally as in optical flow. This targeted
enforcement enables STATIC to preserve structural fidelity
while maintaining temporal consistency, reducing the risk
of artifacts in regions that remain static. In addition, treating
dynamic and static regions independently improves perfor-
mance, as each module can specialize in the characteristics
of its respective area. Overall, STATIC achieves temporal
consistency more efficiently by focusing only on genuinely
moving regions while maintaining stability in unchanged
areas.

12. Selection of Comparable Baselines

In this section, we provide explanations for several recent
state-of-the-art baselines that are not included in our main
comparison, as their training settings differ substantially
from standard benchmarks.

Depth Anything V2 [48] is trained on about 595K synthetic
labeled images and more than 62M real unlabeled images.
This web-scale supervision greatly improves generalization
and boundary sharpness, but places it in a different cat-
egory from methods trained only on KITTI [13] or Sin-
tel [5]. DepthCrafter [15] employs an image to video dif-
fusion backbone and large scale synthetic and real data, en-
abling predictions across sequences of up to 110 frames.
Its dependence on diffusion priors and extended tempo-
ral context separates it from benchmark-based approaches.
ECoDepth [32] conditions a diffusion backbone [36] on ViT
embeddings and leverages large scale pretraining for zero
shot transfer, benefiting from foundation model representa-
tions not available in our setting.

As these methods rely on web-scale supervision or
diffusion-based generative modeling, our comparison in-
stead focuses on state of the art methods trained under com-
parable conditions, ensuring fairness in evaluation.

13. Dependency of Frame Rate

In this section, we demonstrate the robustness of the pro-
posed model under various FPS settings in video sequences.
Table 6 reports the results obtained by varying frame speed
through skipping intermediate frames. The results show
that overall performance does not drop significantly, and in
particular, OPW which reflects temporal consistency shows
only minimal differences. Furthermore, Figure 12 visual-
izes the difference masks when the frame interval is in-

Video

/] Frame 1 — Frame 4

Figure 12. Comparison of Difference Mask Variations with In-
creased Frame Intervals.

creased. Even at lower frame speeds, the masks still ac-
curately capture static and dynamic regions. This demon-
strates that our difference mask is not overfitted to a specific
FPS but instead computed from surface normals, ensuring
stable performance across different frame speeds as long as
the surface normals remain undistorted.
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