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ABSTRACT

Rainy images degrade the visional performance that may
bring down the accuracy of various applications. In this
paper, we propose a novel densely connected network with
Dense Feature Pyramid Grids Modules, called DFPGN, to
solve the rain removal task. Specifically, in the proposed
DFPG, there are five operations from different layers with
various pathways and scales as the input of the current layer
so that each layer can fuse various features from shallower
and deeper ones to improve the deraining ability of the net-
work. Extensive experiments on real and synthetic rainy
images are conducted to demonstrate the proposed method
achieves superior rain removal performance over state-of-the-
art approaches.

Index Terms— Image Deraining, Dense Feature Pyramid
Grids, Multi-pathway, Multi-scale.

1. INTRODUCTION

Rainy image O can be viewed as the linear combination be-
tween the clean background B and the rain streaks R:

O = B +R. (1)

The rain removal task is to obtain the rain-free image B from
the given rainy image O, which is a highly ill-posed prob-
lem as there exist numerous solutions for the given O. To
restrain the solution space, some image priors are utilized to
establish the optimization model, such as low-rank [1], sparse
coding [2], and Gaussian mixture model [3].

In recent years, Convolutional Neural Networks (CNNs)
began to rise and made remarkable achievements concerning
the image deraining problem. Among them, JORDER [4],
ID-GAN [5], DCSFN [6], Pyramid Network [7], and JD-
Net [8] are proposed for single image deraining. The new
method [9] is proposed to estimate high-quality intrinsic
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images of real-world images. Fu et al. detected [10] and
removed [11] spectral highlights from real-world images.
Although these deep learning-based methods have achieved
better performance, there exists still some shortcomings.
Most of them neglect the fusion between the deeper and
shallower layers from different scales so that these deraining
methods can not handle with the rainy images better.

To solve the derain problem, we propose a Dense Fea-
ture Pyramid Grids Network, called DFPGN, which utilizes
the dense connection to connect the multiple dense feature
pyramid grids (DFPG) blocks. In the proposed DFPG, there
are five operations for each layer, including Horizontal, Ver-
tical, Across-Down, Across-Up, and Dense-fusion. These
operations can transmit features with various pathways and
scales to the current layer so that the layer can learn shallower,
deeper, and multi-scale features, to capture more important
rain streaks information.

The main contributions of this paper are as follows: First,
we propose an end-to-end Dense Feature Pyramid Grids Net-
work for single image deraining, which uses dense connec-
tions to connect the multiple DFPG modules. Then we pro-
pose a Dense Feature Pyramid Grids module (DFPG) that uti-
lizes an effective multi-pathway manner to maximize the fea-
tures flow among different scales. Finally, our proposed net-
work is superior both on synthetic and real datasets compared
with state-of-the-art methods.

2. RELATED WORK

Deraining began from prior-based methods. Xu et al. [12] ap-
plied a guided filter which can quickly remove rain streaks.
Chen et al. [1] proposed a low-rank deraining model that has
a strong real-time performance. As real rain streaks have var-
ious directions and scales, Li et al. [3] proposed the Gaussian
mixture model, which can effectively remove the rain streaks.

In recent years, deep learning technology has developed
rapidly. The convolutional neural network is first introduced
into the single image deraining in [13]. Li et al. [14] pro-
posed a recurrent squeeze-and-excitation context aggregation
net for single image deraining. Yang et al. [15] developed
a recurrent hierarchy enhancement network to solve the rain
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Fig. 1: The overall network. It consists of three parts: En-
ter block, several DFPG modules, and Exit block. The DFPG
module is shown in Fig. 2. Conv(m,n, l) means the convo-
lution with m×m kernel, n× n stride, and l × l padding.

streaks removal task. Ren et al. [16] came up with a pro-
gressive deraining network by considering the complex net-
work structure and loss function, which can achieve better
results. Wang et al. [17] proposed a multi-level guided resid-
ual block that solves the correlation between different layers
with different receptive fields. Wang et al. [18] designed a
spatial attentive network to remove rain streaks in a local-
to-global manner. Zhu et al. [19] developed MSRB to uti-
lize multi-scale information that boosts the deraining perfor-
mance. Then Wang et al. [6] proposed a deep cross-scale
network for single image deraining.

3. PROPOSED METHOD
Fig. 1 shows the overall framework of the proposed Dense
Feature Pyramid Grids Network (DFPGN) for image derain-
ing.

3.1. Overall Framework
The network consists of three parts: Enter block, DFPG mod-
ules, Exit block. Enter block is to convert the image to the
features. Then, the converted features are input to several
DFPG modules with dense connection to learn rain streaks
features. Finally, the learned rain streaks features are input
to the Exit block that converts the features to rain streaks im-
age. The network can learn rain streaks imageR̂ and obtain
the rain-free image B̂ via Eq. 1. The deraining procedure can
be expressed as follows:

x0 = Enter(O),

xn = F [DFPG(xn−1), · · · , DFPG(x0)], n = 1, · · · , N,

B̃ = O − Exit(xN ),
(2)

where Enter and Exit denote a 3 × 3 convolution and
DFPG refers to our proposed Dense Feature Pyramid Grids
(DFPG) module. F represents dense fusion operation that
is first concatenation and then 1 × 1 convolution. Actually,
Exit(xN ) is the estimated rain streaks, i.e., R̃.

3.2. Dense Feature Pyramid Grids Module
In recent years, the feature pyramid has achieved remarkable
performance in many vision domains. Chen et al. [20] pro-
posed the Feature Pyramid Grids (FPG) for instance detec-
tion and have improved the single-pathway feature pyramid

×1/2

×1/2

×1/2

×2

×4

×8

: Horizontal : Vertical : Across-Up : Across-Down : Dension-Fusion : Upsampling : Sum

Input feature

Output feature

Backbone Upsampling1 PPathways

Fig. 2: The proposed Dense Feature Pyramid Grids (DFPG)
module. The DFPG is composed of three parts: the Back-
bone, the Pathways, and the Upsampling.

network at a similar computation cost. However, the FPG
only considers the original input backbone into the later layer,
while ignoring the fusion between different layers at the same
level. In this paper, we propose a more effective Feature
Pyramid Grids module that is Dense Feature Pyramid Grids
(DFPG) that fuses all former layers at the same level, shown
in Fig. 2. Compared with FPG, the proposed DFPG fuses
more features from various layers and shows stronger feature
representation ability.

The DFPG consists of three parts: the backbone, the path-
ways, and the upsampling. In the backbone part, the input
goes through several convolution layers with 3 × 3 kernel,
2×2 stride, and 1×1 padding to obtain features with different
scales. There are P pathways achieving bottom-up informa-
tion flow with five different operations. At last, the features
of the last pathway are sampled to the original size with the
input.
Backbone The output of the former module is used as the
input of the later backbone. Through the 3×3 convolution
with 2×2 stride, the features with different scales P1,0, P2,0,
P3,0, P4,0 are obtained as the components of the backbone.
As shown in the flesh color part of Fig. 2.

Pj,0 = Conv2(Pj−1,0), j = 1, 2, 3, 4, (3)

which P0,0 is the input of the DFPG module, Conv2 refers
to 3× 3 convolution with 2× 2 stride and 1× 1 padding.
Pathways DFPG module uses the multi-pathway manner to
extract features. We use a simple design that is built from the
bottom-up, starting from the highest resolution to the lowest
resolution. And there exist five different directional opera-
tions. The details are as follows.
Horizontal We connect features with the same level at the
former Pathway in the horizontal direction.
Vertical In the vertical direction, we gain the features with
different scales at the same Pathway to input the next layer.
Across-Up For the bottom right layer at former Pathways, we
call Across-Up connection to learn the information at differ-
ent levels and scales.
Across-Down In the inclined down direction at former Path-
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ways, it has deeper features compared with the Across-Up
direction and we input them to the current layer.
Dense-Fusion Different from [20] that they only connect the
current layer with the backbone at the same level, we pro-
pose a dense fusion connection way to the DFPG by fusing
the current layer with all preceding layers at the same level.
The dense fusion can boost the module to maximize the in-
formation flow and make the module has better features rep-
resentation ability.

 Pj,i

Upsampling       
Conv(3,3,1)        
Conv(3,3,2)                

(a)

Pj,i-1

Pj+1,i-1

Pj-1,i-1 Pj-1,i

Conv(1,1,0)

C

C : Concatenate : Conv(1,1,0)

Input feature Output feature

(b)

Fig. 3: The detailed description of DFPG. Conv(m,n, l) rep-
resents the m × m convolution with n × n stride and l × l
padding.

Fig. 3 details the procedure from the five operations.
Specifically, we first connect four operations from differ-

ent layers:

P̃j,i = H(Pj,i−1) + V(Pj−1,i)

+AD(Pj+1,i−1) +AU(Pj−1,i−1)
(4)

where Pj,i represents the convolution layer at jth Levels (hor-
izontal direction) and ith Pathways (vertical direction). i =
1, 2, · · · , P, and we will provide the analysis on it. H,V,AU ,
and AD are Horizontal, Vertical, Across-Up, and Across-
Down operations, respectively. ForH, we use 3× 3 convolu-
tion with 1 × 1 stride and 1 × 1 padding. For V and AU , we
employ 3× 3 convolution with 2× 2 stride and 1× 1 padding
as them. While in the AD, we utilize Upsampling operation
back to the size of the current layer. We fusion all former
features at the same level with the other four operations via
Dense-fusion:

Pj,i = F [P̃j,i,Pj,i−1,Pj,i−2, · · · ,Pj,0], (5)

3.3. Loss Function
We use negative SSIM as the loss function.

Loss = −SSIM(B̃, B), (6)

Table 1: Quantitative experiments evaluated on three syn-
thetic datasets. The best results are marked in bold.

RESCAN REHEN PreNet SpaNet DCSFN Ours
ECCV18 ACMMM19 CVPR19 CVPR19 ACMMM20

Dataset PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

Rain100H 25.92 0.84 27.52 0.86 27.89 0.89 26.54 0.90 28.81 0.90 30.08 0.92

Rain100L 36.12 0.96 37.91 0.98 36.69 0.98 36.20 0.98 38.96 0.99 39.22 0.99

Rain12 33.75 0.0.95 35.84 0.96 34.77 0.96 33.59 0.96 35.61 0.96 36.12 0.97

which B̃ and B represent the output of our network and the
clean background image, respectively. And SSIM(·) repre-
sents the structural similarity.

(a1) PSNR/SSIM (b1) 24.49/0.79 (c1) 25.42/0.90 (d1) 24.93/0.91

(e1) 23.23/0.89 (f1 26.45/0.93) (g1) 27.70/0.95 (h1) Inf/1

(a2) PSNR/SSIM (b2) 24.76/0.71 (c2) 25.29/0.85 (d2) 26.21/0.88

(e2) 23.32/0.85 (f2) 25.23/0.89 (g2) 28.14/0.92 (h2) Inf/1

Fig. 4: The results from the synthetic Rain 100H dataset.
(ai)∼(hi) are input, RESCAN, REHEN, PreNet, SpaNet,
DCSFN, Ours, and ground truth, respectively. Our method
performs better than others, especially in the marked blue
boxes.

4. EXPERIMENTS

In this section, we compare our method with five state-of-the-
art approaches on synthetic datasets and real datasets. These
approaches include: RESCAN [14] (ECCV18), REHEN [15]
(ACM MM19), PreNet [16] (CVPR19), SpaNet [18] (CVPR19),
and DCSFN [6] (ACM MM20).
4.1. Implementation Details
The number of DFPG modules is set to N = 24. And each
DFPG module has 4 scales(i.e., vertical) and 4 pathways(i.e.,
horizontal). All the convolution operations are followed by an
activation function Leaky-ReLU with α=0.2. For each train-
ing, we randomly crop the image pairs to 64× 64 patch pairs.
The ADAM algorithm [21] with the batch size of 32 is used
to optimize our network. The learning rate is initialized to
0.0005 and it will be divided 10 at 600 and 800 epochs, re-
spectively. We train the entire network 1000 epochs on 4
Nvidia GTX 1080Ti GPUs based on PyTorch.
4.2. Measures and datasets
The peak-signal-to-noise-ratio (PSNR) [22] and structural
similarity index (SSIM) [23] are used to evaluate the output
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(a) Input (b) RESCAN (c) REHEN (d) PreNet (e) SpaNet (f) DCSFN (g) Ours

Fig. 5: The results from real dataset. As we can see, our method shown in (g) is better than other methods visually.

rain-free image quality on synthetic datasets. As there is no
Ground-Truth on real data, we only evaluate it visually.
For synthetic data, there are three datasets: Rain100H,
Rain100L, and Rain12. There are 1800 image pairs for
training and 200 image pairs for testing in Rain100H and
Rain100L datasets. And we use the model trained on the
Rain100H dataset to test Rain12 [3]. In [24], Li et al. pro-
vide a mass of real rainy images, we utilize them as our real
data.
4.3. Results on Synthetic Data
Tab. 1 shows the results of synthetic datasets compared with
the other methods. As one can see that our method outper-
forms these state-of-the-art approached on the Rain 100H,
Rain100L, Rain12 datasets. Further, we provide several vi-
sual results on Rain100H dataset in Fig. 4. It is obvious that
the results of our proposed method are clearer and cleaner,
while others hand down some rain streaks and artifacts. It il-
lustrates that the proposed method has better rain streaks rep-
resentation ability.
4.4. Results on Real Data
We compare our method with state-of-the-art approaches to
real data in Fig. 5. To have a better visual effect, we crop
some important detail in the original image to zoom-in. As
one can see that our method has better deraining results. Es-
pecially, our method removes most of the rain streaks, while
other state-of-the-art approaches remain some obvious rain
streaks. This demonstrates that our method is more robust
than others.

Table 2: Results of different operations on Rain100H. The
best results are marked in bold.

M1 M2 M3 M4 M5 M6

Across-Down X X X X

Across-Up X X X X

Dense-Fusion connection X X X

Single connection X

PSNR 27.57 29.76 29.63 28.62 30.01 30.08

SSIM 0.8921 0.9189 0.9174 0.9047 0.9216 0.9225

4.5. Analysis of the proposed DFPG
It is meaningful to analyze the different connection operations
of DFPG. Fig. 6 shows other different modules. Their abbre-
viations are as follows: M1: The DFPG module without all
connections. M2: The DFPG module without Dense-Fusion
connection. M3: The DFPG module without Dense-Fusion
connection but with a single connection, i.e., FPG. M4: The

DFPG module without Across-Down operation. M5: The
DFPG module without Across-Up operation. M6: The DFPG
module we proposed.
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(a) M1 (b) M2 (c) M3 (d) M4 (e) M5

Fig. 6: The five kinds of blocks with different operations
based DFPG modules. (c) is proposed by Chen et al. [20].

The results are shown in Tab. 2 and we can see that our
proposed default module obtains the best result. Compared
with FPG proposed in [20], we proposed Dense Feature Pyra-
mid Grids (DFPG) has better performance in terms of PSNR
and SSIM. DFPG fuses all preceding layers with the current
layer, while FPG only connects the original backbone with
the current layer that will lose lots of important information.
This also demonstrates that the proposed DFPG module is a
better baseline block.
4.6. Analysis of the number of pathways
It is worth analyzing the number of pathways about the effect
on deraining. We conduct experiments about the number of
pathways on Rain100H and the results are shown in Tab. 3.
We can see that the results get better along with the number
of pathways increasing when P <= 4. That is because the
model size becomes larger so that the network has a stronger
representation ability. However, when P = 5, compared with
P = 4, the PSNR only is improved 0.01 dB, while the SSIM
decreases. So we select P = 4 as the number of pathways for
a trade-off between results and model sizes.

Table 3: Results of different number of pathways.

P = 1 P = 2 P = 3 P = 4 P = 5

PSNR 28.83 29.59 30.02 30.08 30.09

SSIM 0.9073 0.9169 0.9218 0.9225 0.9220

5. CONCLUSION

In this paper, we propose a dense feature pyramid grids net-
work (DFPGN) by fusing different features from shallower
and deeper layers. The conducted experiments have demon-
strated that the fusion of different operations improves the de-
raining results. Experimental results demonstrate the network
has better deraining performance compared with other state-
of-the-art methods both on the real and synthetic datasets.
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