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The conventional image matting algorithms needed priori manual Trimap information to produce excellent
matting results which made real time matting impossible. To tackle the problem, a Trimap-free image matting
network, TFMNet, is proposed in this paper. The proposed network consists of four modules, ConvNeXt
backbone module for image features extraction, Trimap prediction module for normalized Trimap generation,
glance matting module for rough matting results prediction, and post-processing module for exact matting
results production. To further optimize the training process of the proposed model, an improved Loss function
based on frequency domain information is proposed. In experiment, Sets of Experiments designed by variable
controlling approach prove that the proposed TFMNet do well in real time image matting. The TFMNet model
achieves 8.99, 0.011, 12.31, 11.15 in the accuracy metrics of SAD, MSE, GRAD, CONN, respectively, costs 51ms
for one image averagely which meet the real-time requirements, and model size is 671M. Besides, further
experiments conducted by comparing with five state-of-the-art models based on three typical matting databases
demonstrate the superiority of the proposed algorithm.
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1. Introduction

Image matting [1], an essential research direction in image
processing, aimed to extract foreground targets from input
images or videos, and then synthesized the foreground
targets into new scenes to produce synthesized images
or videos. It was widely used in image processing and
movie production. Such as, Passport photo synthetization
which had no requirement for real-time performance, video
background substitution and virtual background for video
conferencing which needed image matting algorithm with
better performances on real-time. In numerous occasions,
the real-time performance of the image matting algorithm
was particularly important.

On the image matting task, input image I was under-

stood as generated by the foreground image F, the back-
ground image B, and the transparency « € [0, 1] according
to Eq. (1), where the symbol "-" denoted matrix dot product.

I=a-F+(1—a)-B )

The image matting algorithm tried to estimate the fore-
ground image F from the input image I accurately. Ac-
cording to Eq. (2), F could be generated based on the trans-
parency prediction & and input image I. That was, the core
of the image matting algorithm was to approximate & from
I

F=&-1 )

According to Eq. (1), it would be an unsolvable problem
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to solve & with only the image I known. Only more priori
information added could be attached to find the approx-
imate &. Trimap was commonly used as priori informa-
tion to get accurate matting results in image matting tasks,
where the Trimap referred to a grayscale map consisting of
three pixel values (0, 128, 255), which was used to exactly
identify the background pixels, or uncertain pixels, or fore-
ground pixels in an image. On the basis of priori Trimap
information, Xu et al. [2] proposed DIM (Deep Image Mat-
ting) algorithm based on supervised Fully Convolutional
Networks (FCN), which obtained good results in the image
matting task for the first time based on deep learning, but
the matting accuracy needed to be improved further. Park
et al. [3] proposed MatteFormer matting model, in which a
pre-trained transformer model was used as the backbone
to further improve the matting accuracy. However, the two
algorithms mentioned above required priori Trimap infor-
mation as the model input to guide better matting results,
which meant that manual annotation of Trimap informa-
tion was required before each matting, and real-time image
matting could not be accomplished. Another typical prior
information was the background information. Lin et al. [4]
proposed a background based image matting algorithm,
achieved satisfied real-time image matting results. How-
ever, it was limited to the case of video matting task where
the background of input image tended to be constant, and
it was unable to perform the case with various background.

Therefore, scholars devoted to Trimap generation al-
gorithms. Generally, the input images were classified
into three categories: (1) images with significant and non-
transparent foreground targets (¢« = 0 or 1), such as hu-
man portraits and animals; (2) images with significant and
transparent foreground targets (0 < « < 1), such as glass
cups and plastic bags; (3) images with insignificant fore-
ground targets (0 < « < 1), such as mesh images such as
spider webs. Henry and Lee [5] and Li et al. [6] worked
on Trimap automatic generation algorithm and proposed
Trimap generation algorithms without human intervention,
but the algorithms could only generate Trimap for class
(1) images more accurately, but not for class (2) and (3) im-
ages. Another part of scholars [7, 8] tried to implement an
"end-to-end" image matting algorithm, but still could not
handle class (2) and (3) images well. The Unet [9-11] was
wildly used in image generation, image classification and
image segmentation. Li et al. [12] proposed a normalized
Trimap generation method to deal with the Trimap genera-
tion problem for three kinds of images, and implemented
Trimap prediction based on the supervised ResNet-Unet
semantic segmentation model, so as to achieve accurate
real-time matting. However, it led to wrong results for

the reason that the ResNet-Unet semantic segmentation
model was difficult to achieve the ideal Trimap generation
results in practice. To improve the performance of image
semantic segmentation, scholars [13, 14] had tried to use
networks based on the swin-transformer model to improve
performances in tasks of medical images and traffic im-
ages semantic segmentation. However, the main barrier of
swin-transformer was that the input images must be with
same size. Although this problem could be circumvented
by cropping, it was still impossible to really break this bar-
rier. Liu et al. [15] proposed ConvNeXt model, and it was
demonstrated that the convolutional neural network could
achieve equivalent results as swin-transformer by tuning
parameters in their work, and it also broken through the
input image size limitation barrier.

In summary, there were two main challenges in current
image matting algorithm: The Trimap-based image mat-
ting algorithm performed satisfied results but could not
meet the real-time requirements; it was difficult to generate
Trimap accurately for all types of images. Thus, A Trimap-
free image matting algorithm, TFMNet, is proposed in this
paper to solve the two challenges through the following
four contributions.

(1) Using ConvNeXt as the backbone of image matting
model, and using two different up-sampling networks to
complete image semantic segmentation task and glance
matting task, respectively, further improve the matting
accuracy.

(2) Using normalized Trimap generation algorithm to
train the model in an end to end way, which eliminates
too much manually Trimap labeling and makes real-time
image matting possible.

(3) Proposing non-pooling CNN network as the output
layer for image matting model for the first time. Non-
pooling CNN layer retains the location information of pix-
els more accurately and improves the matting accuracy.

(4) Proposing an improved regression loss function
based on frequency domain information to improve the
matting accuracy and coffin performance.

Based on this, a group of experiments about network
training complex, training time-consuming, testing accu-
racy, efficiency [16, 17] is performed to demonstrate the
properties of real-time and effectiveness by comparing
the training and testing results based on one synthetic
databases and two real-world databases.

2. Related works

2.1. Real-time Image Matting

Real-time performance is a key metrics for image matting
tasks because of it makes real-time video processing pos-
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sible. A Real-time image matting algorithm [4] should be
meeting the following two requirements.

(1) Matting should not need any external input but orig-
inal images. In detail, a Trimap is not necessary for the
image matting process.

(2) Matting frame rate should attain 20 frame per second
at least. It means that image matting algorithm can meet
the lowest video frame rates, that is real-time matting.

The real-time performances of the proposed algorithm
would be judged with the two points above.

2.2. The Normalized Trimap Generation Algorithm

Trimap was a manually annotated generated grayscale
map, consisting of three pixel values (0, 128, 255), which
identified the background pixels, uncertain pixels and fore-
ground pixels of an image accurately. Li et al. [12] pro-
posed a normalized Trimap generation method to reduce
the workload of manually Trimap labeling. They classified
images into three categories according to types of fore-
ground targets, and Trimaps were generated with method
corresponding to categories of the input images.

(1) Images with significant non-transparent foreground,
called Salient Opaque (SO) image, always contained fore-
ground, background and uncertain regions, and the Trimap
of this category could be generated from a by image erosion
and expansion;

(2) Images with significant transparent foreground,
called Salient Transparent/Meticulous (STM) image: con-
tained background and uncertain regions, and the Trimap
could generated by labelling all pixels with & > 0 as 128,
as 0 otherwise;

(3) Images with insignificant foreground, called Non-
Salient (NS) image, contained only uncertain regions, the
Trimap should be equal to 128 constantly.

Fig. 1. Three types of images, and their trimaps
respectively

As shown in Fig. 1, the three types of normalized Trimap
could be generated based on the method mentioned above.
The black, gray and white colors denoted as the values of
0, 128 and 255, respectively.

2.3. ConvNeXt Network

Image semantic segmentation networks consisted of an En-
coder layer for image features extracting and a Decoder
layer for image dimensions recovering. Encoder included
a backbone network loading pre-trained models, where
ResNet network [18] was used most typically. With the
continuous advancement of deep learning in the field of
image processing, much more convolutional networks such
as MobbileNet [19], EfficientNet [20], RegNet [21] were
used as backbone in semantic segmentation tasks. Swin-
transformer model [22, 23] performed outstanding in im-
age semantic segmentation tasks. However, one of the
shortcomings of the Swin-transformer model was that it
could not accept input image with different size, which
severely reduced its usefulness in downstream tasks. Liu
et al. [15] demonstrated that CNN networks possessing
a similar structure to the Swin-transformer could achieve
comparable performance to Swin-transformer. Moreover,
the ConvNeXt network possessed all the advantages of
CNN networks, including being robust to image size. In
summary, the ConvNeXt network would be used as the
backbone of the proposed TFMNet model in this paper.

2.4. Conventional Regression Loss

The image matting algorithm aimed at predicting a € [0,1]
of the input image, thus it was a regression task. L Loss
and Ly Loss were the typical loss functions for the regres-
sion tasks. This part would briefly elaborate on the two
loss functions.

L1 Loss, Mean Absolute Error, was calculated as shown
in Eq. (3). It had stable gradient, but was easy to produce
oscillation when the error value was small, which affected
the convergence of the model.

N |1y — .
La(y,g) = B0 ®

Ly Loss, Mean Square Error, was calculated as shown
in Eq. (4). L, Loss decreased as the error value decreasing.
And if the sample error value was less than 1, the training
speed would tend to be slow.

N )2
La(y,9) = B W00 @

Where § denoted the predicted value, y denoted the
true value, and N denoted the number of samples. To
calculate the matting loss of « using L, Loss would lead
to slow training speed. An improved image matting Loss
calculation method will be proposed in section 3.5



2380 Ge Peng and Jingzong Yang

3. The proposed image matting model

In this paper, we propose an end-to-end Trimap-free mat-
ting algorithm: TEMNet, which consists of four core mod-
ules: ConvNeXt backbone module, Trimap prediction mod-
ule, glance matting module and post-processing module as
shown in Fig. 2. This section will discuss the four modules
and the Loss function of TFMNet.

Fig. 2. The proposed TFMNet model

3.1. ConvNeXt Backbone Module

As discussion above, ConvNeXt network can be used to
process input images with arbitrary size and has compara-
ble feature extraction performance with Swin-transformer.
A pre-trained with ImageNet database ConvNeXt network
will be used as backbone to complete image feature extrac-
tion in this paper.

3.2. Trimap Prediction Module

The Trimap prediction module contains a set of up-
sampling networks based on transposed convolution. To
combining Trimap prediction module with ConvNeXt back-
bone module, a U-shaped image semantic segmentation
network is formed for Trimap prediction. Based on the
database composed of the original images and Trimap la-
bels mentioned in section section 2.2, the Loss of U-shape
network can be calculated for network training. Thus, the
Trimap prediction module can produce Trimap predictions,
as shown in Fig. 3, for real-time matting.

Fig. 3. Trimap prediction results

3.3. Glance Matting Module

The glance matting module consists of a set of up-sampling
networks and CNN without pooling layers. Similarly, Join-
ing the ConvNeXt backbone module with the glance mat-
ting module, a U-shaped network will be formed for glance
matting. As we all know, the pooling layer of CNN can
increase the network perceptual field and reduce the model
parameters, which is important for the image classification
but bad for the regression contrarily. Because of that the
pooling layer will weaken the location information of pix-
els which will lead to a wrong regression prediction results.
Therefore, we propose a novel non-pooling CNN network,
as shown in Fig. 4, to improve the performance of glance
matting module. Based on a dataset consisting of the origi-
nal images with alpha labeling, we are able to get the Loss
of the glance matting network to train the matting network.
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Fig. 4. Non-pooling CNN network

From Fig. 5, it can be seen that the glance matting mod-
ule can produce image details, like hair, well but signif-
icant region of foreground. In order to further improve
the matting accuracy, a post-processing module based on
the Trimap predictions and the glance matting results is
proposed in section 3.4

Fig. 5. Glance matting results

3.4. Post-processing Module

In accordance with the discussion in section 2.2, Trimap pre-
diction results can accurately distinguish the foreground,
background, and uncertain regions, glance matting results
can produce results containing details correctly. To pro-
duce the satisfied matting results, a post-processing module
is proposed in this paper as shown in Fig. 6 and Eq. (5).
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Fig. 6. Post-processing module

ar=1,T =255
i3=0,T=0 (5)
iN=MT=128

=

= @+ T N =

Where & denotes the matting result, af, a5, and &y de-
note the matting results of foreground, background, and
uncertain pixel points, respectively. T denotes the Trimap
prediction result, and M denotes the glance matting result.

3.5. Loss Function

As shown in Eq. (6), we can obtain T, M and & based on
TFMNet with original input image I. The Loss of the TFM-
Net model L, should be consisted of the Trimap prediction
Loss Lt and the glance matting Loss L.

(T, M) = TEMNet(I) (6)

3.5.1. Loss of Trimap Prediction

Trimap consists of foreground, background and uncertain
regions, and the distribution of the them is relatively uni-
form. Thus, Loss of Trimap prediction Lt can be calculated
using Cross Entropy loss as shown in Eq. (7). Where T
denotes the true value of normalized Trimap.

Lt = CrossEntropy(T, T) (7)

3.5.2. Loss of Glance Matting
Mechrez et al. [24] confirmed that L; and L, Loss will lead

to elimination of details information which are important
for image matting. A novel Loss function, denoted as FDL;,
retaining more detail information by using frequency do-
main information, is proposed in this section. a mean filter
is used to obtain high-frequency information (containing
more image details) and low-frequency information of «.
And then, the FDL, tries to protect more detail information

by controlling the rate of high frequency information loss
in total Loss Ly using two hyper parameters 1 and 5 as
given in Egs. (8) and (9).

M| = AveFilter (M)

My=M-M, ®

L = FDLy (M, My) {

FDLy = piLy (My, My ) + oLy (M, Mz)  9)

Where M, and My denote the low-frequency and high-
frequency information of &, respectively. M, My; denote
the low-frequency and high-frequency information of M.
AveFilter denotes the mean filter. 1 and f; are used to
set the proportion of low-frequency and high-frequency
information in L. In addition, 81 = 0.6 and B, = 0.4 in this
paper.

3.5.3. Total Loss for Multiple Tasks

Generally, the total loss of multiple tasks is calculated by
additive approach simply. However, since the two tasks
in this paper have different value scales, so we calculate
the total Loss L, based on Eq. (10). Two hyper parameters
ar and ay; can be set to a suitable values to perform better
convergence for both tasks. In addition, a7 = 1and ap; =5
in this paper.

Ly = arLly +apmLy (10)

Above all, an end-to-end training and testing for the pro-
posed TEMNet can be completed base on the four modules
and the improved Loss function.

4. Experimental results and discussions

4.1. Experimental Databases

Three classical databases for the image matting tasks, the
DIM dataset [2], the AM-2k dataset [7], and the AIM-500
dataset [12], are used as the experimental databases in this
paper as shown in Table 1

Table 1. Information of databases

Size of Size of
Database  Image types training set  testing set
DIM SO, STM, NS 49300 1000
AM-2K SO 1800 200
AIM-500 SO, STM, NS —_— 500
Total SO, STM, NS 51100 1700

The DIM database is a synthetic image database. In this
database, 493 accurately labeled foreground images, includ-
ing SO image, STM image, and NS image are synthesized
with 100 random background images from COCO-2014
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Table 2. Parameters setting of Loss function comparison experiments

Model Backbone Up-sampling network Output layer Loss function
Ct-NP-TFMNet-L1 Trimap prediction Ly
Ct-NP-TFMNet-L2  ConvNeXt-tiny + Post-processing L

Ct-NP-TFMNet-FD

Non-pooling glance matting

dataset [25] to generate 49300 images based on Eq. (1) as
the training set, and 1000 images generated in a same way
based on 50 foreground images and 20 background images
as the test set.

The AM-2K database is a real image database. It consists
of 2000 images including monkeys, elephants, rabbits and
other 20 types of foreground (SO image) with different
backgrounds. Of these, 1800 images are used as the training
set and 200 images are used as the test set.

The AIM-500 database is a real image database. It con-
sists of 500 accurately labeled images with three types of
foregrounds including SO, STM, and NS. All images are
used as the training set.

In summary, the experimental database used in this
paper consists of 52800 images, of which 50000 will be used
as the training set, 1100 as the validation set, and 1700 as
the test set. It should be noted that the longer side of the
image is set to 512 in order to standardize the image size as
much as possible. Later experiments are all based on this
database.

4.2. Experimental Environment

The experiments were finished on Windows using the Py-
torch deep learning framework with hardware configura-
tions as follow: Intel(R) Core(TM) i7-12700KF 3.60 GHz
CPU, NVIDIA Geforce RTX 3090 Ti GPU, and 32G RAM.

4.3. Experimental Settings

In order to verify the effectiveness of the proposed algo-
rithm, three comparison experiments are designed as fol-
low: Loss function comparison experiments, non-pooling
CNN comparison experiments and backbone comparison
experiments, which are used to prove the effectiveness
of FDL1 Loss function, non-pooling CNN layer and Con-
vNeXt Backbone, respectively.

4.3.1. Settings of Loss function comparison experiments

Three experiments based on the TFMNet network consist-
ing of ConvNeXt-tiny back-bone module, Trimap predic-
tion module, pooling-free glance matting module and post-
processing module but with different Loss function are
designed to compare the three types of matting Loss func-
tions L1, Ly and FDL4, designated by Ct-NP-TFMNet-L1,
Ct-NP-TFMNet-L2, and Ct-NP-TFMNet-FD as described

in Table 2. In addition, FDL; has superior performance
according to the discussion in section 4.4, so unless specifi-
cally stated later, the FDL; is used in TEMNet by default.

4.3.2. Settings of non-pooling CNN comparison experiments

Two experiments based on the TFMNet network with dif-
ferent glance matting module are designed to demonstrate
the effectiveness of Non-pooling CNN layer, denoted by
Ct-TFMNet, Ct-NP-TFMNet as shown in Table 3.

4.3.3. Settings of backbone comparison experiments

In this section, six experiments based on the TFMNet
network with different back-bone are designed to com-
pare the effectiveness of ConvNeXt-tiny, ConvNeXt-base,
ConvNeXt-large, ResNet-18, ResNet-34 and ResNet-50
backbone, denoted by Ct-NP-TFMNet, Cb-NP-TFMNet,
CI-NP-TFMNet, Res18-NP-TFMNet, Res34-NP-TFMNet,
and Res50-NP-TFMNet, as shown in Table 4. In addition,
the glance matting module with non-pooling CNN layer is
used in this section.

4.4. Discussions of experimental results

Based on the above three sets of comparative experiments,
results of specific experiments are discussed in this section.

4.4.1. Evaluation indicators for image matting results

Firstly, four indicators are used for evaluating the experi-
mental alpha matte results of image matting algorithm in
this paper. The four evaluation metrics [26-29] include:
SAD (Sum of Absolute Difference), MSE (Mean Squared
Error), GRAD (Gradient) and CONN (Connectivity) pro-
posed by Rhemann et al. [30].

(1) SAD represents the total absolute differences of the
alpha matte prediction from ground truth as shown in
Eq. (11).

SAD(w, &) =) _|a—&| (11)

(2) MSE represents the mean squared error of the alpha
matte prediction from ground truth as shown in Eq. (12).

MSE(a, &) = Mean ((a - &)2) (12)

(8) GRAD represents the gradient error of the alpha
matte prediction from ground truth as shown in Eq. (13),
and the smaller GRAD, the more similarity.
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Table 3. Parameters setting of non-pooling CNN comparison experiments

Model Backbone

Up-sampling network

Trimap prediction

Glance matting Output layer

Ct-TFMNet
Ct-NP-TFMNet

ConvNeXt-tiny  Trimap prediction Non—pooIing CNN~ Post-processing

Table 4. Parameters setting of backbone comparison experiments

Model Backbone Up-sampling network Output layer
Ct-NP-TFMNet ConvNeXt-tiny
Cb-NP-TFMNet ConvNeXt-base Trimap prediction
CI-NP-TFMNet ConvNeXt-large + Post-processing
Res18-NP-TFMNet ResNet-18 Non-pooling CNN
Res34-NP-TFMNet ResNet-34 glance matting
Res50-NP-TFMNet ResNet-50
GRAD(a, &) = Y (Va - Va)? (13)

(4) CONN represents the degree of connectedness of
alpha matte prediction from ground truth as shown in
Eq. (14) discussed in Radosavovic et al. [21], and the smaller
CONN, the more exact prediction is.

CONN(a, &) = Y (¢(a,Q), 9(3,Q))? (14)
4.4.2. Results and discussions of Loss function comparison exper-
iments

Based on the three models in section 4.3.1, the experimental
results derived after 50 Epochs are shown in Table 5 in
detail.

Table 5. Loss function comparison experimental results

Model SAD MSE GRAD CONN
Ct-NP-TFMNet-L1 1416 0.026  18.25 14.51
Ct-NP-TFMNet-L2 1627 0.031  17.80 16.00
Ct-NP-TFMNet-FD 13.88 0.024  18.13 14.18

From image matting accuracy, Ct-NP-TFMNet-FD per-
forms better than the others. The reason is that the FDL
Loss function retains more detail information. Wherein,
Ct-NP-TFMNet-L2 performs weakest because of that L,
Loss leads to slower training speed and does not reach
convergence within 50 Epochs.

From training process, the processes of testing Loss con-
vergence of the three models within 50 Epochs are shown in
Fig. 7. It is evident that FDL; converge faster than L; and
Ly, and achieve better training results by focusing more on
low-frequency information.

For more intuitive representations of matting perfor-
mances, some examples of experimental results are given
in Fig. 8. From the results, it can be seen that the Ct-NP-
TFMNet-FD model produces better results within less train-

Fig. 7. Training results within 50 epochs

ing epochs. Thus, the FDL; Loss will be used by default if
no specifically stated or marked latter.

Fig. 8. Samples of Loss function comparison experimental
results
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4.4.3. Results and discussions of non-pooling CNN comparison
experiments

Based on the two models in section 4.3.2, the experimental
results derived after 50 Epochs are shown in Table 6 and
Fig. 9 in detail.

Table 6. Non-pooling CNN comparison experimental

results
Model SAD MSE GRAD CONN
Ct-TFMNet 50.33 0.125 56.45 60.23

Ct-NP-TFMNet 13.88 0.024  18.13 14.18

Fig. 9. Samples of non-pooling CNN comparison

experimental results

From the results, The Ct-TFMNet model can be seen to
perform substantially worse than Ct-NP-TFMNet for the
reason that the non-pooling CNN layer further improves
the matting performance.

4.4.4. Results and discussions of backbone comparison experi-
ments

Based on the six experiments with different backbone, Ct-

NP-TFMNet, Cb-NP-TFMNet, CI-NP-TFMNet, Res18-NP-

TFMNet, Res34-NP-TFMNet, and Res50-NP-TFMNet, the

experimental results derived after 50 Epochs are shown in

Table 7 and Fig. 10 in detail.

Fig. 10. Samples of backbone comparison experimental
results

From image matting accuracy, Cb-NP-TFMNet model

produces the highest matting accuracy, Ct-NP-TFMNet the
second and CI-NP-TFMNet the worst within 50 training
Epochs. It obvious that the matting accuracy does not
increase consistently with the size of model in limited train-
ing epochs. The models based on the ResNet network can
be seen to give worse performances than the ConvNeXt-
based model. In particular, the Res34-NP-TFMNet model
achieves comparable matting results with Ct-NP-TFMNet.
Overall, the Cb-NP-TFMNet achieves the best matting ac-
curacy from Table 7 and Fig. 10.

From image matting efficiency, the six models men-
tioned above do not require manual Trimap information, do
have the conditions to complete real-time matting. In con-
trast, the smaller Ct-NP-TFMNet and Res18-NP-TFMNet
are more efficient with an average matting time of 32ms
and 20ms for one image, respectively. Cb-NP-TFMNet,
with the best matting accuracy, takes 51ms per image aver-
agely what achieves a quasi-real-time matting of 20 frames
per sec.

4.5. Comparison with the state-of-the-art

Above all, the proposed TFMNet model consisting of
ConvNeXt-base Backbone, Trimap prediction module,
pooling-free CNN glance matting module and FDL; Loss
function performs best in the matting comparison exper-
iments. In order to further discuss the effectiveness of
the proposed algorithm, a set of comparison experiments
between the proposed algorithm and the current state-of-
the-art image matting algorithms, DIM [2], Matteformer [3],
MODNet [8], GFM [7], and AIM [12], is conducted based
on the experimental databases in this paper. The detailed
comparison experimental results are listed in Table 8 and
Fig. 11 provides some samples matting results of different
algorithms for the three types of images.

In terms of image matting accuracy, the DIM model
and the Matteformer model, both of which require manual
Trimap as auxiliary input, achieve performance for matting
accuracy. The Matteformer model inherits the advantages
of the Swin-Transformer model and achieves better matting
accuracy than the rest of the "Trimap-free" models includ-
ing the TFMNet model with the help of manual Trimap. In
addition, TFMNet will provide comparable results to Mat-
teformer if accurate manual Trimap is provided. However,
the Trimap-based algorithms cannot tackle the problem of
real time as discussed previously.

Focus on the Trimap-free image matting algorithms,
a group of comparison experiments between MODNet,
GFM model, AIM model, and the proposed TEMNet is con-
ducted in this paper. From Table 8 and Fig. 11, it is obvious
that the performances of MODNet and GFM model is not
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Table 7. Backbone comparison experimental results

Model SAD MSE GRAD CONN Modelsize Time cost per image
Ct-NP-TFMNet 13.88 0.024 18.13 14.18 214M 32ms
Cb-NP-TFMNet 899 0.011 1231 11.15 671M 51ms
CI-NP-TFMNet 1554 0.031  22.09 15.63 1.46G 75ms

Res18-NP-TFMNet 40.25 0.096  38.26 38.65 78M 20ms
Res34-NP-TFMNet 1421 0.028  18.14 17.33 119M 45ms
Res50-NP-TFMNet  33.71 0.108  32.24 33.97 905M 77ms

Table 8. Experimental results compared with state-of-the-art

Model SAD MSE GRAD CONN Modelsize Time cost per image

DIM+Trimap [2] 6.33  0.008 6.38 6.41 292M -
Matteformer+Trimap [3] 4.15  0.005 3.75 4.13 513M -

MODNet [8] 3779 0.086 2897 37.76 25M 11ms

GFM [7] 4123 0.096  32.69 38.95 480M 46ms

AIM [12] 29.71 0.066 28.16 26.59 211M 32ms

TFMNet 8.99 0.011 12.31 11.15 671M 51ms
TFMNet+Trimap 423  0.005 4.01 4.19 671M -

really good. The reason is that the two models are focus
on SO images (human portrait or animal) while the mat-
ting results of human foreground and animal foreground
are remarkable doubtlessly. In other words, MODNet and
GFM model have made great contributions for matting task
of SO image but with drawback of not working for STM
and NS images. The AIM model proposes a normalized
Trimap generation method for SO, STM and NS images
to make real-time matting practicable. However, it can
be seen that the model has much more misjudgments in
image semantic segmentation from the matting results of
AIM model for the reason that the performance of ResNet
Backbone is not as good as that of ConvNeXt used in this
paper which would lead to the misjudgments to a certain
extent. The Trimap-free TFMNet model proposed in this
paper achieves a better matting accuracy, which is not as
good as the Trimap-based model but meet the demand
basically. The good performances should be attributed to
ConvNeXt-based Backbone, the non-pooling CNN layer,
post-processing module, and the improved matting loss
function proposed in this paper.

In terms of image matting efficiency, the DIM model
and Matteformer model cannot execute real-time matting
because of the requirements of manual interaction infor-
mation. Comparing the remaining four models in Table 8,
we can find that MODNet takes the shortest time, with an
average matting time cost of 11ms per image, which can ac-
complish matting for 100 images per second. TFMNet takes
the longest time, 51ms, for a single image, and achieves
a real-time matting of 20 frames/s on GPU. Focusing on
the model size, the proposed TFMNet occupies 671M mem-
ory space, which is larger than the rest of the models. The

first reason is that ConvNeXt-base is chosen as the model
Backbone, which has relatively large model size itself. The
more important reason is that the non-pooling CNN layer
makes the model parameters and computational weight
increase significantly. These reasons will be taken as a di-
rection for our later work. Yet, in terms of the average time
consumed for a single image, TFMNet is able to achieve
quasi-real-time matting at 20 frames/second.

In summary, by comparing with five representative
image matting algorithms, the proposed TFMNet can be
proved to achieve better performance of matting accuracy
and effectiveness, and it can meet the two requirements
mentioned in section 2.1, namely a real-time image matting
algorithm.

5. Conclusions

To address the problem of that image matting tasks suffered
from the reliance on manual Trimap information and that
current algorithms could not generate Trimap for various
types of images accurately and automatically, a Trimap-free
deep learning mat-ting algorithm, TFMNet, is proposed
in this paper. TFMNet uses a multiple task deep learning
model based on ConvNeXt Backbone to perform accurate
and effective real-time matting. Accordingly, we focus on
the study of the model output layer and the Loss function,
proposing non-pooling CNN output layer, post-processing
module and improved regression Loss function based on
frequency domain information. In the experiments, based
on three typical matting databases DIM, AM-2k and AIM-
500, the accuracy and real-time performance of the pro-
posed TEMNet model is verified to achieve better perfor-
mance of matting accuracy and effectiveness by comparing
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Original Image a DIM+Trimap ~ Matteformer+Trimsp  MODNet GFM AIM TFMNet

Fig. 11. Samples of experimental results

with five representative matting models DIM, Matteformer,
MODNet, GFM and AIM.

However, there are still some problems in the efficiency
of the proposed model that the current matting accuracy

far from being able to be applied to practice, and the model
size of the proposed algorithm needs further optimization.
And the limitations of the proposed improved loss function
based on frequency domain information are not discussed
extensively. The future work should be focus on the prob-
lems above.
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