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Abstract: 
Monocular Depth Estimation is the process of calculating the depth value of 
each pixel given a single RGB image. This challenging computer vision task 
is the main prerequisite for determining scene understanding for applications 
such as 3D scene reconstruction, augmented and virtual reality. Additionally, 
a lot of robotics issues, like mapping, localization, and obstacle avoidance for 
terrestrial and aerial vehicles, depend on depth information. Five monocular 
depth estimation techniques are compared. This comparison focuses on how 
generalizable the methods are. According to this study, monocular depth 
estimation techniques frequently exhibit artifacts when used on images that are 
not part of the training set, despite performing well on images that are similar to 
the training images. We test the various approaches using photos that resemble 
training data as well as paintings or images with odd perspectives.
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INTRODUCTION

Monocular depth estimation (MDE) is a very useful technique in situ-
ations where we cannot use sensors and stereo vision to obtain a dense 
depth map. Instead, we can determine the depth from an ordinary RGB 
image. It’s much cheaper than using expensive equipment and takes less 
time. In this paper, we compared five methods that are most often used 
for depth estimation. All models are available online and are free to use 
and modify. In the first five chapters of this paper, the used algorithms 
are briefly described and at the end, their applications are presented side 
by side using different images.
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2.	 ADAPTIVE BINS - ADABINS

Believing that global processing is a lot more powerful 
when done at high resolution than once the tensors 
reach a low spatial resolution at or near the bottleneck, 
the idea of AdaBins is to perform a global statistical 
analysis of the output of traditional encoder-decoder 
architecture and to refine the results with a learned post-
processing building block that operates at the highest 
resolution [1]. Authors proposed the analysis and modi-
fication of distributions of the depth values. Depth 
distribution can vary for each image. For example, if we 
have a picture of an object which is very close to camera, 
the depth values will be distributed over a very small 
range. In contrary, if we have a corridor, depth range 
will go as far as the maximum depth supported by the 
network. Using AdaBins, depth range is divided into 
bins where the bin widths changes based on image. The 
final depth estimation is a linear combination of the bin 
center values. EfficientNet B5 [2] is used as a backbone 
for the encoder. With standard feature upsampling 
decoder [3], it makes a first component of architecture. 
The second part is proposed adaptive bin-width estimator 
AdaBins which is based on a transformer [4] that pre-
dicts both bin widths and the probability of each pixel 
to belong to a given bin [1]. Loss function that gave best 
results is calculated as a summary of Pixel-wise depth 
loss [5] and Bin-center density loss multiplied by 0.1 for 
all experiments. Datasets that are used for training are 
NYU Depth v2 [6], KITTI [7] and SUN RGB-G [8].

3.	 MIXING DATASETS FOR ZERO-SHOT 
CROSS-DATASET TRANSFER - MIDAS

The idea behind this approach is to use variety of 
different datasets for training and testing, because none 
of the existing datasets is that sufficient and diverse to 
represent a complete real-world images. In contrary, 
multiple datasets are complement to each other [9]. 
Authors made their models and code available on their 
GitHub (https://github.com/isl-org/MiDaS) where you 
can download pretrained weights. Models were trained 
on up to 12 datasets (IRS [10], MegaDepth [11], Apol-
loScape [12], NYU Depth V2 [6], BlendedMVS [13], 
DIML [14], HRWSI [15], TartanAir [16], ReDWeb 
[17], 3D Movies, WSVD [18], KITTI [7]) with multi-
objective optimization. Experimental protocol used here 
is zero-shot cross-dataset transfer and it stands for using 
different datasets for training and testing instead of using 
subset of one data collection. 

There are also used different encoder-decoder archi-
tectures such as ResNet-50 [19], ResNeXt-101 [20] or 
DenseNet-161 [21]. 

4.	 DENSE PREDICTION TRANSFORMER

Many of existing architectures for dense prediction 
are based on CNNs. These architectures are made 
of encoder, which is based on an image classification 
network so called “backbone” like ImageNet [22], and 
decoder that aggregates features from the encoder and 
converts them to the final dense predictions [23]. This 
approach has many disadvantages such as the choice 
of backbone and convolutional image downsampling. 
There are some work arounds for these issues such as 
training at higher input resolutions, dilated convolu-
tions [24] or connecting multi-resolution representa-
tions in parallel throughout the network [25]. However, 
convolution is still a bottleneck for prediction quality. 
Therefore, authors in their work [22] introduced the use 
of dense prediction transformer (DPT) which changes 
the base architecture to a transformer based encoder-
decoder. Also, they used vision transformer (ViT) [26] 
as a backbone. There are two models that extend MiDaS 
with pre-trained weights. The code is available on their 
GitHub (https://github.com/isl-org/DPT).

5.	 GLOBAL-LOCAL PATH NETWORKS

This method introduces a new architecture and 
training strategy to further improve the prediction 
accuracy of the network [27]. GLPDepth uses a trans-
former based encoder-decoder. The major improvement 
over other methods is the use of a newly proposed data 
augmentation trick called “Vertical CutDepth” [28]  
which enhances the original CutDepth [29] by preserv-
ing the vertical geometric information. By maintaining 
the vertical range of the input image, the network can 
capture the long-range vertical direction for better pre-
diction [27]. Training loss used in this model is Scale-
invariant log scale loss [30]. Datasets NYU Depth v2 [6] 
and SUN RGB-D [8] are used for validation and evalu-
ation of pre-trained models. 
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6.	 ADELAIDEPTH

AdelaiDepth is an open-source toolbox for monoc-
ular depth prediction. Algorithms are available on their 
GitHub (https://github.com/aim-uofa/AdelaiDepth). 
There are Boosting Depth [31], 3D Scene Shape [32], 
DiverseDepth [33] [34], Virtual Normal [35], and Depth 
Estimation Using Deep Convolutional Neural Fields 
[36] algorithms. In our paper, we will use 3D Scene 
Shape which offers model weights for ResNet-50 [19] 
and ResNeXt-101 [20] backbone.  The architecture is 
based on an encoder-decoder, and the network is trained 
on multiple datasets such as DIML [14], HRWSI [15], 
Taskonomy [37], 3D Ken Burns [38], and Holopix50K 
[39]. During training, three losses are combined which 
are, respectively, Image-level normalized regression 
loss, Pairwise normal loss, and Multiscale gradient loss.  

3D Scene Shape also studies the problem of creating a 
3D model from the estimated depth map, and that 
predicted model is used during the training process in 
order to regularize the monocular depth prediction module 
using the surface normals of the estimated 3D shape [28].

7.	 COMPARISON

In this chapter, we will present our results. We used 
various pictures in our experiments, but here we will 
present just a few of them in order to understand the 
limits and generalization capabilities of each model. 
We used natural images, synthetic or non-natural, and 
ambiguous images. The comparison is done by using 
the magma colormap (see Figure 1). Fine-tuning is not 
done, because we wanted to simply compare basic methods 
that are parameters-free.

Figure 1 - Magma Palette.

Figure 2 -  From top left to bottom right: original image (Cave by Stephen Bay Photography), AdaBins, MiDaS, DPT, 
GLPDepth, and 3D Scene Shape algorithms.

http://sinteza.singidunum.ac.rs


103
Sinteza 2023
submit your manuscript | sinteza.singidunum.ac.rs

Information Technology Session

SINTEZA 2023
INTERNATIONAL SCIENTIFIC CONFERENCE ON INFORMATION TECHNOLOGY, COMPUTER SCIENCE, AND DATA SCIENCE

8.	 CONCLUSION

We made a brief overview of existing state-of-the-art 
algorithms for monocular depth estimation and made 
a comparison between them using different images. In 
future work, we would like to investigate other novel 
approaches and their uses as well as hybrid implemen-
tations and combinations of existing ones, fine tunning 
for better depth predictions, segmentation, and 3D 
reconstruction from multiple images.
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