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AdaBins: Depth Estimation using Adap-
tive Bins

Shariq Farooq Bhat, Ibraheem Alhashim, and Peter Wonka

Abstract

We address the problem of estimating a high quality dense depth map from a single RGB input image. We
start out with a baseline encoder-decoder convolutional neural network architecture and pose the question
of how the global processing of information can help improve overall depth estimation. To this end, we
propose a transformer-based architecture block that divides the depth range into bins whose center value
is estimated adaptively per image. The final depth values are estimated as linear combinations of the bin
centers. We call our new building block AdaBins. Our results show a decisive improvement over the
state-of-the-art on several popular depth datasets across all metrics. We also validate the effectiveness of
the proposed block with an ablation study and provide the code and corresponding pre-trained weights of

the new state-of-the-art model at https://github.com/shariqfarooq123/AdaBins.
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4] 1. Ilustration of AdaBins: Top: input RGB images. Middle: depth predicted by our model. Bottom:
histogram of depth values of the ground truth (blue) and histogram of the predicted adaptive depth-bin-
centers (red) with depth values increasing from left to right. Note that the predicted bin-centers are focused
near smaller depth values for closeup images but are widely distributed for images with a wider range of

depth values.
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3 Method
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K 2. Choices for bin widths. Uniform and Log-uniform bins are pre-determined. ‘Trained bins’ vary

from one dataset to another. Adaptive bins vary for each input image.
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[€] 3. Overview of our proposed network architecture. Our architecture consists of two major components:
an encoder- decoder block and our proposed adaptive bin-width estimator block called AdaBins. The input
to our network is an RGB image of spatial dimensions H and W , and the output is a single channel h x w

depth image (e.g., half the spatial resolution).

'Huan Fu, Mingming Gong, Chaohui Wang, Nematollah Batmanghelich, and Dacheng Tao. Deep ordinal regression network

for monocular depth estimation [C]. In IEEE Conference on Computer Vision and Pattern Recognition, 2018: 2002-2011.
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& 4. A straightforward encoder-decoder architecture with skip connections. The encoder part is a pre-
trained truncated DenseNet-169 with no additional modifications. The decoder is composed of basic
blocks of convolutional layers applied on the concatenation of the 2 x bilinear upsampling of the previous

block with the block in the encoder with the same spatial size after upsampling.
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2% 1. Mini-ViT architecture details.

Patch num MLP

E Layers C Params
size (p) heads Size
16 128 4 4 128 1024 5.8M

3.2.1 Mini-ViT
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& 5. An overview of the mini-ViT block. The input to the block is a multi-channel feature map of the
input image. The block includes a Transformer encoder that is applied on patch embeddings of the input
for the purpose of learning to estimate bin widths b and a set of convolutional kernels needed to compute

our Range-Attention-Maps R.

i, Transformer (ViT) 1 3kA5 T R, T A SO W EAREE /N, Hm 67— E/NRA R
Transformer #fi%#%, B mini-ViT 8 mViT, EZHN3E 1 Frn.

3.2.2 Bin-widths
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3.2.3 Range attention maps
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4 Experiments
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Variant 01T oo 03T REL | RMS |
Base + R 0.881 0.980 0.996 0.111 0.419
Base + Uniform-Fix-HR 0.892 0.981 0.995 0.107 0.383
Base + Log-Fix-HR 0.896 0.981 0.995 0.108 0.379
Base + Train-Fix-HR 0.893 0.981 0.995 0.109 0.381
Base + AdaBins-HR 0.903 0.984 0.997 0.103 0.364

¢ 2. Comparison of different design choices for bin-widths and regression. AdaBins module results in
a significant boost in performance. Base: encoder-decoder with an EfficientNet BS encoder. R: standard
regression. HR: Hybrid Regression. (Log)Uniform-Fix: Fixed (log) uniform bin-widths. Train-Fix:
Trained bin-widths but Fixed for each dataset.
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¢ 3. Comparison of performances on the NYU-Depth-v2 dataset. The reported numbers are from the

corresponding original papers. Best results are in bold, second best are underlined.

Method 51 51 55 1 REL | RMS|  logio |
Eigen 0.769 0.950 0.988 0.158 0.641 -
Laina 0.811 0.953 0.988 0.127 0.573 0.055
MS-CRF 0.811 0.954 0.987 0.121 0.586 0.052
Hao et al. 0.841 0.966 0.991 0.127 0.555 0.053
Lee et al. 0.837 0.971 0.994 0.131 0.538 -
Fu et al. 0.828 0.965 0.992 0.115 0.509 0.051
SharpNet 0.836 0.966 0.993 0.139 0.502 0.047
Hu et al. 0.866 0.975 0.993 0.115 0.530 0.050
Chen et al. 0.878 0.977 0.994 0.111 0.514 0.048
Yin et al. 0.875 0.976 0.994 0.108 0.416 0.048
BTS 0.885 0.978 0.994 0.110 0.392 0.047
DAV 0.882 0.980 0.996 0.108 0.412 -
AdaBins (Ours) 0.903 0.984 0.997 0.103 0.364 0.044

(a) RGB (b) BTS (d) Ours

& 6. Qualitative comparison with the state-of-the-art on the NYU-Depth-v2 dataset.
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