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1. Details of Network Structure
We have proposed a two-stage deep learning framework, called TOM-Net, for learning transparent object matting. The

first stage is a multi-scale encoder-decoder network (i.e. CoarseNet) that takes a single image as input and predicts a triplet
consisting of an object mask, an attenuation mask and a refractive flow field. Although the estimated object mask in the first
stage is robust, the attenuation mask and refractive flow field lack local details. The second stage is a residual network (i.e.
RefineNet) that refines the coarse matte to achieve a sharper attenuation mask and a more detailed refractive flow field.

1.1. CoarseNet

CoarseNet is based on the Mirror-Link CNN introduced [7] and we augment it with multi-scale loss [3]. In particular, we
use four different scales. The detailed structure is shown in Tab. 1.

Encoder
layer k s chns d-f input
conv1 3 1 3/16 1 Image
conv1b 3 1 16/16 1 conv1
conv2 3 2 16/16 2 conv1b
conv2b 3 1 16/16 2 conv2
conv3 3 2 16/32 4 conv2b
conv3b 3 1 32/32 4 conv3
conv4 3 2 32/64 8 conv3b
conv4b 3 1 64/64 8 conv4
conv5 3 2 64/128 16 conv4b
conv5b 3 1 128/128 16 conv5
conv6 3 2 128/256 32 conv5b
conv6b 3 1 256/256 32 conv6
conv7 3 2 256/256 64 conv6b
conv7b 3 1 256/256 64 conv7

Decoder
layer k s chns d-f input
conv up7 m 3 1 256/256 32 conv7b
conv up7 a 3 1 256/256 32 conv7b
conv up7 f 3 1 256/256 32 conv7b

conv up7=conv up7 m+conv up7 a+conv up7 f
conv up6 m 3 1 256/128 16 conv up7+conv6b
conv up6 a 3 1 256/128 16 conv up7+conv6b
conv up6 f 3 1 256/128 16 conv up7+conv6b

conv up6=conv up6 m+conv up6 a+conv up6 f
conv up5 m 3 1 128/64 8 conv up6+conv5b
conv up5 a 3 1 128/64 8 conv up6+conv5b
conv up5 f 3 1 128/64 8 conv up6+conv5b

conv up5=conv up5 m+conv up5 a+conv up5 f
m 4 3 1 128/2 8 conv up5+conv4b
a 4 3 1 128/1 8 conv up5+conv4b
f 4 3 1 128/2 8 conv up5+conv4b
conv up4 m 3 1 128/32 4 conv up5+conv4b
conv up4 a 3 1 128/32 4 conv up5+conv4b
conv up4 f 3 1 128/32 4 conv up5+conv4b

conv up4=conv up4 m+conv up4 a+conv up4 f
m 3 3 1 69/2 4 conv up4+conv3b+(m 4×2+a 4×2+f 4×2)
a 3 3 1 69/1 4 conv up4+conv3b+(m 4×2+a 4×2+f 4×2)
f 3 3 1 69/2 4 conv up4+conv3b+(m 4×2+a 4×2+f 4×2)
conv up3 m 3 1 69/16 2 conv up4+conv3b+(m 4×2+a 4×2+f 4×2)
conv up3 a 3 1 69/16 2 conv up4+conv3b+(m 4×2+a 4×2+f 4×2)
conv up3 f 3 1 69/16 2 conv up4+conv3b+(m 4×2+a 4×2+f 4×2)

conv up3=conv up3 m+conv up3 a+conv up3 f
m 2 3 1 37/2 2 conv up3+conv2b+(m 3×2+a 3×2+f 3×2)
a 2 3 1 37/1 2 conv up3+conv2b+(m 3×2+a 3×2+f 3×2)
f 2 3 1 37/2 2 conv up3+conv2b+(m 3×2+a 3×2+f 3×2)
conv up2 m 3 1 37/16 1 conv up3+conv2b+(m 3×2+a 3×2+f 3×2)
conv up2 a 3 1 37/16 1 conv up3+conv2b+(m 3×2+a 3×2+f 3×2)
conv up2 f 3 1 37/16 1 conv up3+conv2b+(m 3×2+a 3×2+f 3×2)

conv up2=conv up2 m+conv up2 a+conv up2 f
m 1 3 1 37/2 1 conv up2+conv1b+(m 2×2+a 2×2+f 2×2)
a 1 3 1 37/1 1 conv up2+conv1b+(m 2×2+a 2×2+f 2×2)
f 1 3 1 37/2 1 conv up2+conv1b+(m 2×2+a 2×2+f 2×2)

Table 1. Network architecture of CoarseNet. k is the kernel size, s the stride, chns the number of input and output channels
for each convolutional layer, d-f the down-sampling factor of the output for each layer relative to the input image, and
input the input of each layer. “+” is a concatenation and “×2” is a 2× nearest up-sampling operation. All convolutional
layers are followed by BatchNorm [5] and ReLU [6] layers, except for the output layers. For decoder, conv upn m is
a convolutional layer in object mask branch followed by Batchnorm, ReLU and nearest up-sampling layers. Similarly,
conv upn a and conv upn f are the layers in attenuation and refractive flow branch, respectively. m n, a n, f n are the output
of the CoarseNet, corresponding to the softmax normalized object mask probability, attenuation mask and refractive flow
field of scale n.

2



1.2. RefineNet

RefineNet is a residual network [4]. For memory and training efficiency, we first use three 2× down-sampling convo-
lutional layers to reduce the spatial size of the input, followed by five residual blocks containing ten convolutional layers.
To make the output of the same spatial size with the input, two up-sampling branches, each with three 2× de-convolutional
layers, are used to regress a sharper attenuation mask and a more detailed refractive flow field. We implement our residual
blocks similar to [2]. Tab. 2 shows the details of the RefineNet.

RefineNet
layer k s chns d-f input
conv1 9 1 8/64 1 Image+m 1+a 1+f 1
conv2 4 2 64/64 2 conv1
conv3 4 2 64/64 4 conv2
conv4 4 2 64/64 8 conv3
ResBlock1 3 1 64/64 8 conv4
ResBlock2 3 1 64/64 8 ResBlock1
ResBlock3 3 1 64/64 8 ResBlock2
ResBlock4 3 1 64/64 8 ResBlock3
ResBlock5 3 1 64/64 8 ResBlock4
deconv1 a 4 2 64/64 4 ResBlock5
deconv2 a 4 2 64/64 2 deconv1 a
deconv3 a 4 2 64/64 1 deconv2 a
a refined 3 1 65/1 1 deconv3 a+a 1
deconv1 f 4 2 64/64 4 ResBlock5
deconv2 f 4 2 64/64 2 deconv1 f
deconv3 f 4 2 64/64 1 deconv2 f
f refined 3 1 66/2 1 deconv3 f+f 1

Table 2. Network architecture of RefineNet. Input for conv1 layer is the concatenation of softmax normalized object mask
probability (m 1), attenuation (a 1) and flow field (f 1) from the output of CoarseNet. The final output of RefineNet are the
refined attenuation (a refined) and the refined flow field (f refined). All convolutional layers are followed by BatchNorm and
ReLU, again except for the output layers.
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2. More Samples and Results on Synthetic Dataset
As there is no off-the-shelf dataset for learning transparent object matting, and it is tedious and difficult to produce a large-

scale real dataset with ground truth matte, we create a large-scale synthetic dataset for training and testing using POY-Ray
[1]. Here, we provide more samples and results on synthetic data.

2.1. More Synthetic Samples

More samples from the synthetic test dataset are shown in Fig. 1.

Background Image Rec. Image Rec. Error Refractive Flow Object Mask Attenuation Mask

(a) Glass

(b) Glass with water

(c) Lens

(d) Complex Shape
Figure 1. More synthetic samples. The third and fourth columns show the reconstructed images using the ground matte and
the reconstruction error, respectively. The reconstruction error is marginal, and the reconstructed images and the original
images are visually not distinguishable, illustrating that the ground truth matte is accurate enough to supervise the learning
of our deep model.
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2.2. More Results on Synthetic Dataset

More results on the synthetic test dataset are shown in Fig. 2 (a-f). Fig. 2 (g & h) show results on the transparent Stanford
Bunny and Dragon, which are rendered using the public available 3D models.

Background Input Rec. Image Rec. Error Refractive Flow (GT / Est.) Object Mask (GT / Est.) Attenuation Mask (GT / Est.)

(a) Glass 1, I-MSE = 0.04 × 10−2 F-EPE = 1.3 / 10.8 M-IoU = 0.98 A-MSE = 0.10 × 10−2

(b) Glass 2, I-MSE = 0.69 × 10−2 F-EPE = 3.6 / 19.9 M-IoU = 0.98 A-MSE = 0.26 × 10−2

(c) Glass with Water 1, I-MSE = 0.13 × 10−2 F-EPE = 2.6 / 19.1 M-IoU = 0.99 A-MSE = 0.22 × 10−2

(d) Glass with Water 2, I-MSE = 0.28 × 10−2 F-EPE = 2.9 / 23.3 M-IoU = 0.98 A-MSE = 0.19 × 10−2

(e) Lens 1, I-MSE = 0.21 × 10−2 F-EPE = 1.3 / 3.9 M-IoU = 0.99 A-MSE = 0.23 × 10−2

(f) Lens 2, I-MSE = 0.42 × 10−2 F-EPE = 2.8 / 8.4 M-IoU = 0.99 A-MSE = 0.18 × 10−2

(g) Complex Bunny, I-MSE = 0.31 × 10−2 F-EPE = 5.1 / 44.8 M-IoU = 0.97 A-MSE = 0.31 × 10−2

(h) Complex Dragon, I-MSE = 0.28 × 10−2 F-EPE = 4.9 / 27.3 M-IoU = 0.90 A-MSE = 0.28 × 10−2

Figure 2. More results on the synthetic data. Quantitative errors are shown below the images. It is worth to note that after
training on the combination of multiple basic shapes, our model generalizes well to other more complicated shapes (e.g.
Stanford Bunny (g) and Dragon (h)).
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3. More Results on Real Dataset
3.1. More Results on Glass

Fig. 3 shows results for different glass shapes in front of different backgrounds, demonstrating the robustness of our model
in handling different kinds of glass and different backgrounds.

Background Input Image Rec. Image Rec. Error Refractive Flow Object Mask Attenuation Mask Composite

(a) Glass 1, PSNR=29.80, SSIM=0.95

(b) Glass 2, PSNR=28.15, SSIM=0.94

(c) Glass 3, PSNR=25.63, SSIM=0.91

(d) Glass 4, PSNR=27.60, SSIM=0.91

(e) Glass 5, PSNR=25.55, SSIM=0.94

(f) Glass 6, PSNR=22.51, SSIM=0.93

(g) Multi-objects, PSNR=22.40, SSIM=0.87

Figure 3. More results on real glass samples.
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3.2. More Results on Glass with Different Poses

Fig. 4 shows results on a glass under seven largely different poses. Our model can produce reliable mattes for all these
poses, demonstrating the robustness of TOM-Net to pose variation.

Background Input Image Rec. Image Rec. Error Refractive Flow Object Mask Attenuation Mask Composite

(a) PSNR=26.85, SSIM=0.95

(b) PSNR=25.28, SSIM=0.94

(c) PSNR=22.64, SSIM=0.90

(d) PSNR=21.64, SSIM=0.88

(e) PSNR=25.66, SSIM=0.92

(f) PSNR=25.27, SSIM=0.92

(g) PSNR=20.32, SSIM=0.89

Figure 4. More results on glass under different poses.
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3.3. More Results on Glass with Water

Fig. 5 shows results for different glasses with different amount of water.

Background Input Image Rec. Image Rec. Error Refractive Flow Object Mask Attenuation Mask Composite

(a) Glass with Water 1, PSNR=23.87, SSIM=0.95

(b) Glass with Water 2, PSNR=30.24, SSIM=0.96

(c) Glass with Water 3, PSNR=21.90, SSIM=0.92

(d) Glass with Water 4, PSNR=25.56, SSIM=0.94

(e) Glass with Water 5, PSNR=25.20, SSIM=0.94

(f) Glass with Water 6, PSNR=24.92, SSIM=0.94

(g) Multi-objects, PSNR=24.87, SSIM=0.93
Figure 5. More results on real Glass with Water. Our model can clearly recognize the water level in different glasses (a, b, c).
It can robustly handle glass with different amount of water (d, e, f). (g) shows an challenging example of two glasses with
one containing water and the other empty, which can also be handled by TOM-Net.

8



3.4. More Results on Lens and Complex Shape

Fig. 6 (a-f) shows results on lens at different position in front of different backgrounds, and Fig. 6 (g & h) shows results
on the complex swan and sheep.

Background Input Image Rec. Image Rec. Error Refractive Flow Object Mask Attenuation Mask Composite

(a) Lens 1, PSNR=24.76, SSIM=0.94

(b) Lens 2, PSNR=29.20, SSIM=0.96

(c) Lens 3, PSNR=21.35, SSIM=0.89

(e) Lens 4, PSNR=27.37, SSIM=0.92

(f) Lens 5, PSNR=27.42, SSIM=0.95

(g) Swan, PSNR=25.66, SSIM=0.96

(h) Sheep. PSNR=14.88, SSIM=0.80
Figure 6. More results on real Lens and Complex Shape.
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4. More results of TOM-Net+Bg on Real Dataset
We have investigated how the performance of our method can be improved when the background image is also available.

More results of TOM-Net+Bg on real dataset are shown in Fig. 7.

Input Rec. Image Rec. Error Refractive Flow Object Mask Attenuation Mask Composite

(a) Glasses, PSNR=23.09, SSIM=0.86

(b) Lens, PSNR=25.52, SSIM=0.91

(c) Swan, PSNR=26.68, SSIM=0.95

(d) Sheep, PSNR=22.09, SSIM=0.86

(e) Horse, PSNR=24.22, SSIM=0.89

(f) Bull, PSNR=23.70, SSIM=0.89

(g) Dragon, PSNR=21.61, SSIM=0.88

Figure 7. More results of TOM-Net+Bg on real dataset.
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