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1. More Details of Super-resolution Under Ho-
mographic Transformation

Homographic degradation is relevant in several real-world
applications where images undergo geometric distortions,
such as aerial or satellite imaging, surveillance footage, and
handheld camera captures with lens distortion or perspec-
tive shifts. These distortions are often modeled using ho-
mographic transformations, and restoring such images is
crucial for downstream tasks like object detection or scene
understanding.

We use our proposed upscaling module to perform the
homographic transformation on low-resolution image ILR

to recover it from geometrical distortion. M is the trans-
formation matrix that transform ILR to get back geometric
distortion-free super-resolved image ISR. We assume ILR

has gone through the distortions like rotation R, scaling S,
sheering H , and projection P . M−1 is the degradation ma-
trix which degrades high-resolution image IHR. M−1 is
composed as follows.

M−1 = HRSP,

H =

 1 hx 0
hy 1 0
0 0 1

 ,

R =

 cos θ sin θ 0
− sin θ cos θ 0

0 0 1

 ,

S =

sx 0 0
0 sy 0
0 0 1

 ,

P =

 1 0 tx
0 1 ty
px py 1

 ,

(1)

*Work conducted while Aupendu Kar was affiliated with the Indian
Institute of Technology Kharagpur.

Baseline
Positional

Info.
M-matrix

Info.
Transform

(Wax)
Transform

(Wax+Wb)
mPSNR

in dB
Baseline-1 ✗ ✗ ✗ ✗ 30.15
Baseline-2 ✗ ✗ ✗ ✓ 31.09
Baseline-3 ✗ ✓ ✗ ✓ 31.13
Baseline-4 ✓ ✓ ✗ ✓ 31.18
Baseline-5 ✓ ✗ ✓ ✗ 31.17
Baseline-6 ✓ ✗ ✗ ✓ 31.48

Table 1. Ablation study on proposed upscaling module’s compo-
nents during super-resolution under homographic transformation.
We use the DIV2K Validation dataset for this experiment. 100
validation images are center cropped into 384× 384 and 100 ran-
domly selected M−1 are used to generate the low-resolution im-
ages. Masked PSNR (mPSNR) are used for performance evalua-
tion [4].

hx and hy are sheering along x and y direction. θ is the rota-
tion angle. sx and sx scaling factor along x and y direction.
tx, ty, px, py are the projection parameters.

2. Qualitative Performance on Homographic
Transformation

Fig. 1 shows the qualitative performance comparison of our
proposed upscaling module as compared to other baseline
techniques. We witness that our proposed approach per-
forms better than different baselines in preserving the tex-
tures in the image.

3. Ablation Study of Homographic Transfor-
mation Model

Table 1 shows six different ablation studies on each com-
ponent of the upscaling module while we use it for super-
resolution under homographic transformation. Baseline-
1 is the nearest neighbor interpolation-based homographic
transformation using the M matrix. Baseline-2 adopts the
proposed feature transform (Wax + Wb), and it shows
around 1 dB PSNR improvement, which shows the effec-
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(a) LR (b) HR (c) Bicubic (+cv2) (d) RCAN×2 + cv2(e) RCAN×3 + cv2(f) RCAN×4 + cv2 (g) FT-RCAN

(h) LR (i) HR (j) Bicubic (k) RDN×2 + cv2 (l) RDN×3 + cv2 (m) RDN×4 + cv2 (n) FT-RDN
Figure 1. Qualitative performance analysis of super-resolution under homographic transformation.

tiveness of the feature transform. Baseline-3 utilizes the
information of M during transformation parameter estima-
tion, Wa, and Wb. However, it shows a negligible im-
provement. Baseline-4 incorporates the positional-shift in-
formation along with M matrix information. It also pro-
vides a marginal improvement. However, if we only use
the information of positional-shift information, as shown
in Baseline-6, it significantly improves the performance.
Therefore, we only use positional-shift information in our
approach. Baseline-5 is the same as Baseline-6 except for
the transformation equation. In Baseline-5, we only multi-
ply the features with Wa and do not perform the shift us-
ing Wb. The table shows that Baseline-5 performs poorly
as compared to Baseline-6. This is because the shift using
Wb helps to boost the high-frequency features, which are
generally degraded due to the homographic transformation
operation.

4. More Results on Integer Scale Super-
Resolution

Table 2 shows the performance of our model for integer
scale super-resolution for four different test sets. The PSNR
is calculated on the Y channel of the YCbCr color space.
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×2 ×3 ×4 ×6 ×8
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Table 2. Quantitative comparison on benchmark datasets. RDN
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