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Noisy Image CBM3D: 30.91dB DnCNN: 33.29dB CBDNet : 33.62dB RIDNet : 34.09dB

VDN : 33.89dB SADNet : 34.48dB AINDNet: 34.36dB COLA-Net: 33.96dB NLENet: 34.57dB

FIGURE 7. Real image denoising results (“0002_19.png” from DND [68]) using different denoising networks. The best result is highlighted in bold.

TABLE 3. Average PSNR (dB) and SSIM [57] results of different methods for JPEG artifacts removal, evaluate on Classic5, LIVE1 [73] with quality factors
Q = {10, 20, 30, 40}. The best results are highlighted in bold. “NA” means “Not Available” due to unavailable code or model.

SA-DCT ARCNN DnCNN MemNet RNAN MWCNN QGAC D 2CIR DUN DAGL COLA-NetDataset Q JPEG [34] [74] [16] [29] [75] [22] [76] [77] [78] [65] [31] Proposed

27.82 28.88 29.03 29.04 29.69 29.96 30.01 29.84 30.05 29.95 30.08 30.03 30.2610 0.7595 0.8071 0.7929 0.8026 0.8107 0.8178 0.8195 0.8370 0.8202 0.8171 0.8196 0.8184 0.8329
30.12 30.92 31.15 31.63 31.90 32.11 32.16 31.98 32.20 32.11 32.35 32.28 32.4420 0.8344 0.8663 0.8517 0.8610 0.8658 0.8693 0.8701 0.8850 0.8707 0.8689 0.8719 0.8705 0.8823
31.48 32.14 32.51 32.91 33.20 33.38 33.43 33.22 33.44 33.33 33.59 33.54 33.6430 0.8744 0.8914 0.8806 0.8861 0.8980 0.8924 0.8930 0.9070 0.8935 0.8916 0.8942 0.8935 0.9030
32.43 33.00 33.34 33.96 34.06 34.27 34.27 NA 34.29 34.10 34.41 34.38 34.47

Classic5

40 0.8911 0.9055 0.8953 0.9047 0.9052 0.9061 0.9061 NA 0.9066 0.9045 0.9069 0.9066 0.9151
27.77 28.65 28.96 29.19 29.45 29.63 29.69 29.53 29.68 29.61 29.70 29.66 29.8710 0.7595 0.8093 0.8076 0.8123 0.8193 0.8239 0.8254 0.8400 0.8253 0.8232 0.8245 0.8234 0.8358
30.07 30.81 31.29 31.59 31.83 32.03 32.04 31.86 32.04 31.98 32.12 32.06 32.2320 0.8512 0.8781 0.8733 0.8802 0.8846 0.8877 0.8885 0.9010 0.8882 0.8869 0.8887 0.8880 0.8977
31.41 32.08 32.67 32.98 33.24 33.45 33.45 33.23 33.44 33.38 33.54 33.48 33.6230 0.9000 0.9078 0.9043 0.9090 0.9187 0.9149 0.9153 0.9250 0.9154 0.9142 0.9156 0.9152 0.9231
32.35 32.99 33.63 33.96 34.27 34.47 34.45 NA 34.44 34.32 34.53 34.49 34.62

LIVE1

40 0.9173 0.9240 0.9198 0.9247 0.9187 0.9061 0.9301 NA 0.9301 0.9289 0.9305 0.9300 0.9369

ever, in the synthetic image denoising task, NLENet gains
over 0.1 dB in terms of PSNR and 0.02∼0.03 in terms of
SSIM higher on all the test sets and noise levels compared to
GNSCNet.

As an IR structure with generalization ability, NLENet
shows superior or comparable performance on different IR
tasks and test sets. In the DND dataset, we still achieve a
competitive denoising result, while AINDNet and COLA-
Net achieve the higher performance because of employing
extra training data. AINDNet is specially designed for real
image denoising and trained with extra data (more data be-

sides the SIDD training set) for better performance. COLA-
Net also employs extra training data during training. While
we still employ only the SIDD training set as most methods
did. However, when COLA-Net and AINDNet are trained
with the same dataset as NLENet, NLENet still achieves the
highest PSNR and SSIM in all the noise level of synthetic im-
age denoising datasets. The visual comparison of the results
are shown in FIGURE 6 and FIGURE 7 in which we can
see that the NLENet recovers cleaner outlines and preserves
more textural details than other competitors’ approaches.
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Clean Image

JPEG (Q=10)

MWCNN : 32.85 dB

DnCNN : 32.01 dB

COLA-Net : 32.72 dB

RNAN : 32.65 dB

NLENet: 33.03 dB

FIGURE 8. JPEG artifacts removal (Q=10) results (“sailing3” from LIVE1 test set) using different JPEG artifacts removal networks.The best result (PSNR in dB) is
highlighted in bold.

TABLE 4. Average PSNR (dB) and SSIM [57] results of different methods for real-world super resolution, tested on RealSR [79] dataset with scale factors
scale = {2, 3, 4}. The best results are highlighted in red, respectively. “NA” means “Not Available” due to unavailable code or model.

Training VDSR SRResNet RCAN LP-KPN DDet CDC
Dataset Scale Bicubic [18] [80] [23] [79] [81] [82] NLENet

32.61 33.64 33.69 33.87 33.90 33.22 33.96 34.15×2 0.907 0.917 0.919 0.922 0.927 NA 0.925 0.930
29.34 30.14 30.18 30.40 30.42 30.62 30.99 31.05×3 0.841 0.856 0.859 0.862 0.868 NA 0.869 0.870
27.99 28.63 28.67 28.88 28.92 28.94 29.24 29.43

RealSR

×4 0.806 0.821 0.824 0.826 0.834 NA 0.827 0.839

C. JPEG ARTIFACTS REMOVAL

In this section, we evaluate our NLENet in JPEG artifacts
removal task. We train the models with DIV2K [66] training
set and test on classic JPEG artifacts removal test sets CLAS-
SIC5 and LIVE1 [73].

We compare the NLENet with SOTA JPEG artifacts re-
moval approaches in terms of PSNR and SSIM [57]. The
results are shown in TABLE 3, in which we can see that our
proposed method demonstrates the best results on all test sets
and quality factors over previous approaches in PSNR. For
instance, compared with the latest non-local network COLA-
Net, NLENet achieves superior performance on both test
sets. We can also observe that although NLENet achieves
the highest PSNR, QGAC shows a slightly higher SSIM.
Because NLENet is trained with L2 loss with one stage.
While QGAC requires two-stage training, in which it requires
L2 loss for initial training and then employs GAN loss to
finetune the model. Training with GAN loss, which contains
perception terms, will improve the SSIM results and better
visual quality but decrease in terms of PSNR.

The visual quality comparison is shown in FIGURE 8,
in which we can observe that the results from DnCNN and
RNAN show an over smoothing in preserving texture details.
In the results of MWCNN and the latest non-local networks,
COLA-Net, a blurred outline is preserved in the restored
image. In contrast, NLENet can preserve more subtle texture

details and clear edges in the restored image, which further
demonstrates its superiority.

D. REAL IMAGE SUPER RESOLUTION

We apply the proposed NLENet to the real image super
resolution task and compare with the SOTA SR algorithms
(VDSR [18], SRResNet [80], RCAN [23], LP-KPN [79]) and
CDC [82] on the RealSR test dataset with upscaling factors
of ×2,×3 and ×4. Note that all the comparing algorithms
are trained on the training set of RealSR [79] (the compar-
ing results are also provided from RealSR [79] and CDC
[82]). RealSR [79] is a real image super resolution dataset,
which contains LR-HR real-world image pairs captured by
adjusting the cameras’ focal length. RealSR has 183 (×2),
234 (×3), 178 (×4) very high resolution image pairs for
training and 30 images pairs for testing in each scales. In
the experiment, we compute the PSNR and SSIM [57] using
the Y channel (in YCbCr color space), which is a common
practice in SR [18], [23], [80]. The results are summarized in
Table 4, and we can observe that NLENet shows a superior
performance among the competitive methods. The PSNR
improvement is around 0.06 to 0.19 dB, compared with the
latest SOTA methods and 0.4∼0.5 dB compared with the
classic methods like RCAN and LP-KPN. The visual com-
parison in FIGURE 9 proves more advantages of NLENet
on restoring clear structural details, while the comparing
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(a) Image “00100.png”

(b) LR

(e) HR

(c) Bicubic

(f) LP-KPN

(d) RCAN

(g) NLENet
FIGURE 9. Super resolution results of a typical image (“00100.png” from RealSR [79] test set) using different super resolution methods.

TABLE 5. Ablation study results on the proposed modules in NLENet for synthetic image denoising task.

Index self non-local batch non-local EBNA NLIB PSNR(dB)/SSIM
case1 × × × × 30.15/0.8556/
case2 ✓ × × × 30.67/0.8679
case3 × ✓ × × 30.72/0.8717
case4 × ✓ ✓ × 30.82/0.8729
case5 × ✓ ✓ ✓ 30.99/0.8773
case6 ✓ × ✓ ✓ 30.85/0.8725
case7 × ✓ × ✓ 30.92/0.8739

FIGURE 10. Ablation on batch-wise non-local module.

methods restore blurry edges.

V. ABLATION STUDY
In this section, we further explore and investigate the effec-
tiveness of the proposed NLENet. Here we study the impact
and effectiveness of each proposed component on the final
model performance. The ablation experiments are performed
for the grayscale image synthetic denoising task with noise
level σ = 25.

A. ABLATION ON THE PROPOSED MODULES

We apply different combinations of the proposed modules to
test their effectiveness in the proposed NLENet. TABLE 5
shows the comparison results test on Set12. In the experi-
ment, the performance of a baseline multi-scale architecture
(mostly based on stacked convolution layers) without using
any proposed components are shown in case1.

In case2 and case3, we apply only the non-local module
proposed by COLA-Net [31] (self non-local) and our pro-
posed batch-wise non-local module respectively in the multi-
scale structure to compare their influence on the IR perfor-
mance. Case2 shows good performance gain, demonstrating
the effectiveness of building long-range dependencies. The
comparison of case2 and case3 demonstrates the superior
performance of our proposed batch-wise non-local module
compared to the self non-local module.

Subsequently, from case3 to case5, we add the proposed
components gradually to explore the performance changes.
In case4, we apply the proposed EBNA in the multi-scale
model. We can observe that combining various non-local
modules achieves better performance than using only one
type of non-local module (compare to case3). Case5 is our
proposed NLENet, which achieves the highest performance.
To further compare the self non-local and the proposed batch-
wise non-local module, we replace the batch-wise non-local
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(a) Batch-wise non-local module

(d) Self non-local module

(b) EBNA module

(e) CA and SA module

(c) NLIB module

(f) DECB module

FIGURE 11. Feature visualization of different proposed modules in NLENet.

module in NLENet with the self non-local module [31] in
case6. In case7, we remove the CA, SA module in EBNA
and remain the other part in NLENet to explore the impact
of combining CA, SA with the batch-wise non-local mod-
ule. We can observe that without the CA and SA modules,
NLENet still achieves superior performance.

Based on the results from the TABLE 5, we can summarize
the following observations:

(1) Our proposed batch-wise non-local module can achieve
better performance than the existing self non-local module
(used in COLA-Net), as shown in case2 and case3.

(2) Adding the proposed EBNA and NLIB modules in the
model can improve the performance, as shown in case4 and
case5. Also, case5, as our proposed NLENet, achieves the
best performance among all the cases.

(3) We replace the batch-wise non-local in NLENet with
self non-local in case6, which further illustrates the superi-
ority of our proposed batch-wise non-local module against
COLA-Net [31] ’s self non-local module.

(4) Removing the CA and SA modules in EBNA, our
NLENet still achieves competitive performance in case7.

B. ABLATION ON BATCH-WISE NON-LOCAL MODULE
To further explore the impact of the proposed batch-wise
non-local module, we train several models with a different
number of images b = 1, 2, 4, 6 which are employed in the
batch-wise non-local module. The results of loss and PSNR
test on Set12 are shown in FIGURE 10. We can observe
that larger b accelerates the convergence of the model and
achieves better performance. We can also find that when the b
increases the performance gain is getting moderate. However,
larger b also leads to more memory consumption in the patch
matching process during training. In this case we set the
b = 6 because the memory consumption reaches the limit
capacity of the GPU we use. So we choose the largest b we
can to improve the performance.

C. FEATURE VISUALIZATION OF THE PROPOSED
MODULES
To further explore the proposed modules’ influence, we
visualize their feature map output in Figure 11. We can
observe that the feature map extracted by our batch-wise non-
local module (in (a)) is more clear and abundant compared
to self non-local module (in (d)). We can also find that
compared to the batch-wise non-local module, the CA and
SA modules extract non-local features with a clear focus area
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(a) (b)

FIGURE 12. Parameters and inference time study on image of size 480 × 320 (from BSD68 test set).

in the feature map. Thus, we collaborate these modules to
build EBNA (in (e)), which generates more sparsed non-local
features. To further preserve more delicate local details in
the restored images, we add a deformable convolution block
(DECB) to cooperate with EBNA. We can see from (f) that
the DECB extract more sophisticated local features. With
the EBNA and DECB, NLIB can combine non-local and
local features to generate more enriched features, as shown
in (c). As mentioned in reference [83] that feature map with
lower channel weight contains more noise-like information.
Therefore NLIB can preserve more texture and structural
information, since it generates higher channel weight feature
maps (in (c)) after combining the non-local and local fea-
tures.

D. PARAMETERS AND INFERENCE TIME STUDY

FIGURE 12 shows the model parameter size and the GPU run
time of the competing methods on synthetic denoising task.
The Nvidia cuDNN-v7.0 deep learning library is adopted
under Ubuntu 16.04 system.

From (a) in FIGURE 12, we can observe that despite the
superior performance of NLENet, its parameter size is larger
compared to RIDNet, SADNet, and COLA-Net. Because in
NLENet, the proposed non-local module includes several
extra convolution layers and attention modules.

While from (b) in FIGURE 12, the run-time evaluation
demonstrates that our proposed model still achieves a com-
petitive speed with an outstanding performance. Especially
compared with COLA-Net, our NLENet can achieve sig-
nificant speed improvement. We achieve such effectiveness
because NLENet employs a multi-scale structure, saving
time at a low-resolution scale. Furthermore, in COLA-Net,
overlapping non-local patches are extracted and will cost
more time in the non-local process. NLENet has a longer
inference time than SADNet because NLENet has a more
sophisticated structure. Besides the deformable convolution
modules that explore adaptive local information, the EBNA
module employs various non-local modules to generate en-
riched non-local features, which takes more time. Therefore,
our multi non-local enhanced module can achieve better

performance while keeping a competitive inference speed at
the same time.

VI. CONCLUSION
In this paper, we propose a batch-wise non-local module
to explore long-range dependencies. We further build an
EBNA module based on our proposed batch-wise non-local
module, in which various non-local modules are combined
to extract more enriched non-local features. Besides EBNA,
we build a novel block named NLIB, which collaborates
various non-local features with adaptive local features to
acquire the capability of preserving fine contextual details.
Finally, we embed the NLIB in a U-net-like structure named
as NLENet. Extensive experiments show that NLENet con-
sistently achieves state-of-the-art performance for several
image restoration tasks, such as synthetic image denoising,
real image denoising, JPEG artifacts removal and real image
super resolution.
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