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Abstract

Conventional digital cameras suffer from limited shutter speed
and dynamic range, making it difficult to capture blur-free and
high-dynamic-range (HDR) images in fast-rotating scenes, which
complicates panoramic image reconstruction. The high-speed spike
cameras offer advantages such as high temporal resolution and
high dynamic range, making them suitable for capturing panoramic
HDR scenes within a short time. In this paper, we present a new
framework for reconstructing panoramic HDR color images from
single-second spikes. We first introduce a spike-based panoramic
reconstruction method that leverages the differential of spike fir-
ing time (DSFT) representation for finer texture preservation and
spike-noise suppression, followed by DSFT-enhanced vertical con-
straint matching and texture optimization for reconstruction. Since
spike cameras inherently lack colors, the reconstructed panoramic
images remain monochromatic. To incorporate color information,
we employ a side-by-side conventional color camera that captures
a single color frame instantaneously. This color guidance is subse-
quently integrated through a fine-tuned image editing model. To
train and validate practicality, a comprehensive dataset including
synthetic and real-world spikes is presented. Experimental results
demonstrate that our method generates high-quality panoramic
HDR color images in fast-rotating scenes.
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1 Introduction

Panoramic image reconstruction aims to capture and representing a
wide field of view (FOV) in a single seamless image. From traditional
geometric transformation models [29, 35, 48] to recent data-driven
learning methods [23, 38], panoramic image reconstruction with a
single camera is extensively addressed in general low-speed scenes.
However, as illustrated in Fig. 1 (a), due to limitations in shut-
ter speed and dynamic range, conventional digital cameras often
fail to capture blur-free and high-dynamic-range (HDR) images
during fast rotation, making it difficult to reconstruct the desired
panoramic image. Although multi-exposure approaches [11, 36]
are proposed to address the HDR limitation, the limited frame rate
makes them still ineffective in fast-rotating scenes, e.g. , 180° per
second.

In recent years, spike cameras [5, 16, 19] have demonstrated
significant potential for high-speed applications. Unlike conven-
tional frame-based high-speed cameras, spike cameras capture the
scenes at sampling rates over 20,000 Hz while reading out data
in a compact single-bit representation (shown in Fig. 1 (b)). In ad-
dition, to maximize the perception of incoming light, most spike
cameras are designed in a monochromatic manner, which provides
a high dynamic range (=100 dB) [5], making them highly effective
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Figure 1: Panoramic HDR color image reconstruction in fast-rotating scenes (180° per second). (a) Conventional digital cameras

fail to produce consistent HDR panoramas, resulting in motion blurs (red boxes) and overexposure (yellow boxes). (b) Panoramic
HDR monochromatic images from pure spikes. (c) Colorization by finetuning an image-editing model [42] the side-by-side

color image as visual prompt.

for recovering fine details that are often lost in conventional color
frames [16]. Therefore, with the high temporal resolution and high
dynamic range, the spike camera holds significant advantages for
image reconstruction in fast-rotating scenes.

However, achieving panoramic HDR reconstruction from spikes
is inherently non-trivial and cannot be treated as a direct extrap-
olation of existing spike-based methods [45, 49, 50, 55]. The fast
rotation induces complex spatiotemporal overlaps, where cumula-
tive geometric errors and inherent spike noise lead to misalignment
between disparate viewpoints. Furthermore, the sheer volume of re-
constructed images necessitated by the high sampling rate imposes
a prohibitive computational overhead, creating a significant bot-
tleneck for large-scale panoramic reconstruction. To address these
challenges, We first reconstruct images using texture from window
(TFW) [55] from spikes. Since TFW may introduce motion blur, we
adopt differential spike firing time (DSFT) [53] to provides finer tex-
ture details. Consequently, we design a strategy that incorporates
DSFT-enhanced vertical constraint matching and texture optimiza-
tion for reconstruction. Subsequently, we leverage DSFT to provide
denser correspondences and vertical geometric constraints for re-
moving misalignments. The aligned images are then seamlessly
integrated through linear projection weighting combined with joint
bilateral filtering. This approach achieves texture enhancement and
facilitate panoramic HDR image reconstruction.

Therefore, as shown in Fig. 1 (b), the temporally dense spikes
obtained during fast camera rotation are fully exploited to recon-
struct the panoramic HDR image. However, since the spike camera
is designed in a monochromatic manner, the output lacks color
information. To address this, as shown in Fig. 1 (c), we introduce
a conventional color camera positioned side-by-side to capture a
single color frame as a visual prompt for panoramic colorization.
Unlike the existing hybrid architecture [5] that relies on a beam split-
ter and spatiotemporal alignment, our simplified hardware setup

eliminates these constraints by leveraging the strong generative
priors of large vision-language models. Specifically, we fine-tune
an image-editing model [42] to perform panoramic colorization,
where the color frame serves as a prompt rather than a pixel-wise
reference, thus enabling robust color recovery without spatial align-
ment. Furthermore, recognizing the lack of training data tailored
for our unique configuration, we create a comprehensive synthetic
dataset for HDR panoramic reconstruction in fast-rotating scenes.
To further validate the practicality in real-world scenes, we also
collect real-world data using our side-by-side camera system. Each
spike sequence is paired with a high-resolution color image that
serves as the visual prompt. Our contributions can be summarized
as:

o a side-by-side hybrid camera system for reconstructing
panoramic HDR color images without the need of spatial
and temporal alignment;

e a spike-based panoramic reconstruction method and a col-
orization module based on a fine-tuned multimodal large
language model for panoramic HDR color image reconstruc-
tion; and

e a comprehensive dataset contains synthetic and real-world
spikes, supporting HDR panoramic reconstruction, coloriza-
tion, and fast-rotating scene synthesis.

2 Related work

Panoramic image with conventional cameras. Panoramic im-
age reconstruction with a single camera typically estimates geo-
metric transformations to align sequential images into a seamless
panorama. Early methods rely on a global homography [2], while
later approaches adopt more flexible local transformations [10, 24,
47] to better handle parallax. Zhang et al. [48] further extend the
mesh-based APAP framework [47] by introducing scale-preserving
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Spike M=5 M=100 DSFT
Figure 2: Spike generation. We present single-bit spike data
and the reconstructed images produced by the texture from
window (TFW) methods (M =5 and M = 100) and the DSFT-
based method. The orange boxes indicate motion blur.

constraints for more natural panoramic reconstruction. For image
blending, weighted averaging [44] is followed by gradient-domain
techniques [13, 22] to improve visual consistency. Recent advances
in deep learning have introduced supervised [12, 30], weakly super-
vised [38], and unsupervised [20, 31, 32] paradigms, substantially
improving stitching quality. Building upon this trend, Liang et
al. [23] extend the parallax-tolerant approach to reconstruct wide-
field panoramas. However, experimental evidence [33] and other
studies [39] suggest that traditional stitching algorithms, due to the
robust priors from feature-based detection, remain more effective
for cross-scene and panoramic stitching.

Image reconstruction with spikes. Reconstructing images from
spikes typically relies on the imaging model of spike cameras [9, 19,
51, 52]. Early methods reconstruct textures by accumulating spikes
within a temporal window or estimating inter-spike intervals [54,
55], but suffer from severe noise due to limited photon counts.
To improve reconstruction quality, Chang et al. [4] enhance the
signal-to-noise ratio via a rolling mixed-bit acquisition scheme,
while Zhao et al. propose Spk2ImgNet [49], a hierarchical network
for progressive spike fusion. However, reconstructing HDR images
from spikes remains challenging as the single-bit data is insufficient
to cover the high dynamic range of real-world scenes. Chang et
al. [5] propose a hybrid spike-RGB camera system that performs
spatial alignment and frame interpolation simultaneously. However,
this hybrid system demands precise synchronization and optical
alignment, and the additional space required by the beam splitter
complicates the design of compact devices.

Image colorization with guided information. Guided image
colorization exploits external cues, including user-provided color
hints [43, 46], reference images [1, 17, 40], and text descriptions [27],
to produce controllable and semantically consistent results. More
recently, large generative models have further advanced language-
guided colorization and editing [6, 7, 41, 42]. Unlike these methods,
our approach leverages localized color information for panoramic
image colorization, preserving global style consistency and realism
without explicit spatial correspondence estimation.

3 Preliminaries

In this section, we introduce the spike imaging model and discuss
the trade-off between HDR and sharpness.

HDR reconstruction from spikes. Each pixel in a spike camera
continuously integrates photogenerated electrons until reaching a
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predefined threshold. During integration, while the accumulated
charge remains below this threshold, the readout circuit samples
a pixel value of 0 at each sampling instant. Once the accumulated
electrons exceed the threshold, a spike (encoded as 1) is fired and
the charge reservoir is reset to 0. The output of the pixel is

S - {1, Ec(t) > Em, "

0, otherwise,

where E(t) and Ey, denote the accumulated charge and the preset
threshold, respectively. An image can be reconstructed by integrat-
ing spikes over a time window W;:

M-1
(W) = )" S(t+ir), @)
i=0
where 7 is the sampling interval and W; = M-t is the window length.
As demonstrated by Chang et al. [3, 4], increasing M in static scenes
helps expand the dynamic range, even when the input data remains
in single-bit form. The high temporal density of spike cameras en-
sures that even a single-second recording provides sufficiently large
M for reconstruction. For more general dynamic scenes with rapid
camera rotation, we compute dense motion fields from spikes to
achieve spatial alignment of textures, thereby enabling the selection
of a large M for panoramic reconstruction. Consequently, during
camera rotation, all captured spikes are effectively utilized for our
task.
Trade-off between HDR and sharpness. Since spike data con-
tains inherent noise, achieving pixel-level precision in spatial align-
ment remains challenging, which compromises image sharpness
when using large values of M. The DSFT [53] overcomes the con-
straints imposed by the temporal window M and preserves fine
texture details. We denote DSFT as D(t), which is computed as
follows:
D(t) = min{T* (t) = T~ (t), Winax }» ' ®)

where T*(¢) and T~ (t) represent the nearest spike timestamps
before and after time ¢, respectively, and Wy,ax defines the maximum
search range to prevent unbounded searching when no spike is
triggered. As shown in Fig. 2, using a short integration window
(small M) leads to noticeable noise in the reconstructions, while a
long integration window (large M) causes temporal aggregation
that results in significant motion blur (orange boxes). The DSFT
method preserves fine-grained texture details.

4 Method

Pipeline overview. We propose a framework for reconstruct-
ing panoramic HDR color images using a monochromatic spike
camera and a reference color image as visual guidance. As illus-
trated in Fig. 3, the captured spike stream is first reconstructed
into HDR images and then geometrically aligned to generate a
panoramic HDR image through adaptive image registration and
texture-aware blending. Finally, an image editing model [42] fine-
tuned with LoRA [18] leverages the reference color image as a
visual prompt to perform generative colorization without explicit
spatial alignment, producing the final panoramic HDR color image.

'Images generated by the DSFT formula are inverted, so their reciprocals are displayed.
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Figure 3: The proposed framework for panoramic HDR color image reconstruction consists of a spike-based panoramic
reconstruction method and a fine-tuning image-editing module for colorization. Here, {Ii}fi ;! and {Ii}fi , denote adjacent
image pairs used for matching, where N is the total number of images. {I*}! and {I"}Y, denote images aligned to the same
coordinate system, {Mi}fi ;'and {M,»}fi , represent the corresponding masks for the previous and next images, respectively.
{W,}f\i ;' and {W,}fi , are the associated weighted masks used for reconstruction.

Prompt: “Colors in Image 1 are adjusted to match the style of the color image in Image 2.”
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Figure 4: Fine-tuning the Qwen-Image-Edit-2509 [42] with
LoRA [18] under a supervised fine-tuning (SFT) paradigm
using images reconstructed from spike data as inputs, color
datasets and textual prompts as guidance, and initial images
as ground truth. During inference, the model generates col-
orized outputs from monochrome inputs, guided by text and
reference color prompt.

4.1 DSFT-enhanced vertical constraint matching

DSFT enhancement. Given the inherent noise in spike cameras,
robust feature correspondences are essential for accurate alignment
and help mitigate cumulative errors in panorama synthesis. Since
images reconstructed via Eqn. (2) may contain motion blur, we fur-
ther leverage the DSFT representation from Eqn. (3), which exhibits
lower sensitivity to motion, to enhance feature matching. By inte-
grating window-based accumulation with DSFT enhancement, our
approach combines stable intensity cues with fine-grained textures,
thereby improving matching robustness under noisy and motion
blur.

Vertical distance constraint. Given the limited inter-frame mo-
tion at high frame rates, correspondences exhibiting abnormally
large vertical displacement are treated as incorrect matches. As
illustrated in Fig. 3, we utilize grid points to simulate feature points

extracted by the SIFT [25] operator and employ the KNN [8] algo-
rithm for feature matching. In this visualization, blue lines indicate
correct matches, while red lines represent incorrect matches. Since
these mismatches compromise the accuracy of subsequent image
alignment, we introduce a vertical distance geometric constraint as
a metric for candidate matches. Specifically, let the tentative cor-
respondences be M = {(p;, q;)}Y,, where p; = (x,y") € Image,
and ¢; = (x?, y?) € Image,. For each pair, we compute the vertical
residual d; = |y” — y7| and estimate its empirical mean 4, and
variance o2. We retain matches satisfying d; € [Tiow, Thighl, the

d
thresholds and filtered set are

M ={(pi,qi) € M| g — 204 < d; < pig + 204} (4)

This 20 screening rejects correspondences whose vertical residuals
are statistically inconsistent with the inlier distribution. Finally,
we employ random sample consensus (RANSAC) [14] to further
suppress the effects of noise and ensure reliable correspondences.

4.2 Panoramic HDR image reconstruction

To reconstruct a panoramic HDR image from the recovered HDR
frames, we perform adaptive geometric alignment followed by
texture-aware image blending.

We first estimate a global transformation followed by mesh-
based local refinement using Moving-DLT [47], yielding warped
images {I}*}i = 1V in a unified coordinate system. The correspond-
ing masks {M;} Y, are then refined via linear projection weighting
and joint bilateral filtering to obtain weighted masks {W; })¥,, which
are used for seamless panoramic HDR reconstruction.

Specifically, we illustrate the image reconstruction process using
two adjacent images as an example. First, we obtain the correspond-
ing masks M; and M, for images I, and I,", respectively. We then
compute the geometric centers c; and c; of their valid regions and
construct the connecting direction vector: v = ¢, —c;. For each pixel
p € My N M, in the overlapping region, the normalized projection
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(a) Synthetic data samples
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Flgure 5: Datasets and hardware prototype. (a) Synthetic data examples. Spike sequences are generated from video frames
or panoramic images from Internet, with one RGB image used as the color prompt for fine-tuning. (b) Real-world data
examples. The spike camera rotates on a tripod for one second to capture the scene and record the spikes, while a color camera
simultaneously captures a single reference color prompt of the same scene.

value is defined as: a(x,y) = %, where (p — ¢1,0) is the
dot product of the vector from p to the geometric center c¢; and the
direction vector v, min and max are the minimum and maximum
values of the projection in the overlapping region, and € is a small
constant to avoid division by zero. Therefore, the initial weighted

mask S; for I} is then given by:
S1 =M+ (1-a(xy)) - M, (5)

where M; denotes the overlapping region and M represents the
non-overlapping part, ensuring completeness in non-overlapping
areas and smooth gradients in overlaps. We further refine S; via
joint bilateral ﬁltering:

Zsl<q)f(||p alh g(lIS;(p) = Si(@I),  (©)

qEQ

Wi(p) =

where f(-) and g(-) are spatial and range kernels, and S; is a
gaussian-blurred guidance map generated from the initial weighted
mask S; using gaussian filtering. The resulting weighted mask
W, enhances texture details while ensuring a smoother transition
between overlapping and non-overlapping regions of the image.
Finally, we can obtain the panoramic HDR image P:
N
P=> (Wi®I¥, +W;®I"). 7)
i=1

4.3 Generative colorization.

Colorization with only a glance. Considering that most spike
cameras are monochromatic, constructing a hybrid camera system
similar to Chang et al. ’s work [5] is a feasible approach for ac-
quiring color information. However, such systems require strict
temporal synchronization and spatial alignment between sensors.
To overcome these limitations, we explore whether panoramic HDR
colorization can be achieved using only a single-viewpoint (i.e. ,
a glance) color frame as guidance. Inspired by the strong general-
ization capabilities of large language models, we fine-tune Qwen-
Image-Edit-2509 [42] with LoRA [18] on our collected dataset. This
approach eliminates the need for strict temporal or spatial align-
ment between the color camera and the spike camera. As shown in
Fig. 4, the color image serves as a visual prompt to provide chro-
matic cues, enabling our model to perform generative colorization

of the monochromatic panoramic HDR image while preserving fine
structural details.

Fine-tuning process. We fine-tune the Qwen-Image-Edit-2509
[42] diffusion transformer using LoRA[18] adapters in the attention
projection layers of the DiT [34] module, while keeping the text
encoder and VAE [21] frozen. To train, we collect 1,000 images of
color panoramas from the internet and convert them into spikes.
The reconstructed spike images using TFW serve as edited inputs,
with a 256 X 256 crop from the color image and a short text prompt
for visual and textual guidance. Training follows a supervised fine-
tuning (SFT) paradigm, with each instance consisting of an edited
image, a target image, visual prompt, and optional textual prompt.
The model learns to reconstruct the target image conditioned on the
edited input under classifier-free guidance. Training is conducted
for five epochs with a learning rate of 1 X 107, with the dataset
repeated 20 times for stability, taking approximately 72 hours. At
inference, both synthetic and real-world spike images are input to
the fine-tuned model to generate colorized results. All experiments
are performed on a single NVIDIA H20 GPU.

4.4 Dataset

Considering the inherent limitations of spike cameras and the need
for scene diversity, we assemble a dataset of synthetic and real-
world spikes that supports downstream image reconstruction.
Synthetic data from conventional camera. Capturing diverse
real-world scenes is time-consuming and laborious. To enrich scene
diversity at low cost, the dataset includes synthetic spikes generated
from manually captured video sequences (10-15 seconds each) and
panoramic image from the Internet to simulate various scenarios.
We construct 9 sequences from video and 1,050 images from diverse
sources, with 1,000 of these images used as the training set for fine-
tuning. As shown in Fig. 5 (a), the top row shows synthetic samples
from video sequences, where consecutive frames are converted into
spikes using the strategy in [26], providing a better approximation
of real-world spike-camera imaging. Each sequence is paired with
a corresponding color image. The bottom row shows samples from
single images, with random crops used to simulate spike inputs. A
random 256X256 crop is selected as the color prompt, while the full
original image serves as the ground-truth panoramic reference.
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Figure 6: Comparison on synthetic data. We compare our method with the APAP [47] method on monochromatic images

Tao et al.

Color prompt

and combine APAP [47] with Qwen-Image-Edit-2509 [42] (denoted as APLM) for colorization. Our method effectively reduces
motion blur, while the colorization better matches the visual prompt of the color image, resulting in a more natural appearance.

Best viewed by zooming in.

Table 1: Quantitative results and ablation studies on our synthetic data. 1 (}) indicates larger (smaller) values are better. Ours™:
panoramic HDR color image generated by our fine-tuned image editing model.

Comparison on synthetic data

Ablation studies

Monochromatic image Color image

Monochromatic image Color image

Method

APAP [47] GES-GSP [10] Ours APLM GESLLM Ours* w/o enhzilnced wio texture—opt.lmlzed Ours  w/o fine-tuning Ours*

matching reconstruction

PSNRT 16.92 16.07 17.52  11.88 11.01 12.45 16.90 17.12 17.52 12.36 12.45
RMSE| 0.15 0.16 0.14 0.26 0.29 0.25 0.15 0.14 0.14 0.37 0.25
HDR-VDP37 7.70 7.17 7.83 - - - 7.65 7.73 7.83 - -
DreamSim/ - - - 0.22 0.37 0.21 - - - 0.22 0.21
AE00] - - - 20.59 22.08 18.19 - - - 19.32 18.19

Real-world data from spike camera. To capture diverse scene
information for reconstruction in fast-rotating scenes, we exploit
the spike camera’s ultra-high sampling rate of 20,000 Hz. As shown
in Fig. 5 (b), we collect eight real-world scenes with a spike camera
mounted on a tripod, obtaining 50 datasets by rotating the camera
180° for one second to capture raw single-bit spikes. These are
decoded into a continuous binary spike stream with a resolution
of 250x400 pixels. Meanwhile, a high-resolution color camera is
placed side by side with the spike camera to capture a color frame
as the prompt.

5 Experiment

5.1 Evaluation on synthetic data

For quantitative evaluation, we use 50 datasets from the Internet,
with original images as ground-truth panoramic references. As

shown in Table 1, we compare our method to APAP [47] and GES-
GSP [10] on monochromatic images, evaluating PSNR, RMSE and
HDR-VDP3 [28]. To ensure fairness, ground-truth images are con-
verted into spikes using the strategy in [26] and reconstructed via
TFW. Our method performs better. For color evaluation, we further
compare APAP [47] combined with Qwen-Image-Edit-2509 [42],
denoted as APLM, and GES-GSP [10] combined with Qwen-Image-
Edit-2509 [42], denoted as GESLLM. Performance is evaluated us-
ing PSNR, RMSE, DreamSim [15] (for perceptual similarity), and
AE00 [37] (for color fidelity). Using the prompt “Colors in Image
1 are adjusted to match the style of the color image in Image 27,
our fine-tuned model produces superior performance on the color
images.

For qualitative analysis, we compare our method with APAP [47]
on monochromatic images and APLM on color images. As shown
in Fig. 6, APAP produces noticeable blur (highlighted by red boxes),
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Figure 7: Comparison of real-world data. We compare panoramlc results captured by the iPhone 15 and HUAWEI Pura 70 Ultra
using their built-in panorama modes for the same scene. Results obtained by both smartphones exhibit noticeable motion
artifacts (red boxes) in fast-rotating scenes and overexposure (yellow boxes) in high dynamic range regions. Best viewed by

zooming in.
5.2 Evaluation on real-world data

We acknowledge that comparing our method with those in the
table may not be entirely fair. Therefore, in fast-rotating scenes,
we further compare it with the panoramic modes of conventional

while our method achieves clearer textures. APLM suffers from mo-
tion blur, and the generated colors do not match the visual prompt
of the color image as well, resulting in a less natural appearance

compared to our method.
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Figure 8: Ablation studies on our DSFT-enhanced vertical constraint matching. Without the proposed DSFT-enhanced feature

w/o DSFT-enhanced vertical constraint matching

Tao et al.

w/ DSFT-enhanced vertical constraint matching

extraction and the vertical distance constraint, the reconstruction fails due to inaccurate feature correspondences. In contrast,
ours enables accurate correspondences and successful panorama reconstruction.

w/o texture-optimized reconstruction

w/ texture-optimized reconstruction

Figure 9: Ablation studies on our texture-optimized recon-
struction. Without the weighted mask, noticeable seam
boundaries (blue boxes) and visible artifacts (green boxes)
appear. In contrast, our method effectively suppresses these
issues and preserves fine textures. Best viewed by zooming in.

cameras, including the iPhone 15 and HUAWEI Pura 70 Ultra, in
real-world data. The reconstructed images from the spike camera
generally exhibit low contrast and dark intensity distribution. To
facilitate color filling and detail restoration in the fine-tuned model,
gamma correction with y = 1.5 is applied to enhance brightness
and contrast. As shown in Fig. 7, in the first scene, the iPhone 15
loses part of the building (red box) and introduces ghosting from
overexposure (yellow box). The HUAWEI Pura 70 Ultra shows roof
misalignment (red box) and overexposure that destroys structural
details (yellow box). In the second scene, the signboard suffers mo-
tion blur (red box), and distant buildings are overexposed to white
(yellow box). In contrast, our method reconstructs a panoramic
HDR color image from spike data under fast rotation and high
dynamic range conditions.

5.3 Ablation study

We conduct ablation studies to assess the effectiveness of each
module in our framework. First, we evaluate the spike-based recon-
struction on 50 synthetic monochromatic datasets, with ground-
truth images converted for consistency. For “w/o DSFT-enhanced
vertical constraint matching”, as shown in Table 1, due to inher-
ent spike noise affecting feature matching, our method enhances
feature points using DSFT and a vertical distance constraint to
reduce matching errors, improving image reconstruction quality.

We further evaluate visual quality on real-world data, as shown
in Fig. 8. Our method successfully avoids reconstruction failure,
enabling visually consistent panoramic reconstruction. For “w/o
texture-optimized reconstruction”, as shown in Fig. 9, without the
masks, accumulated artifacts (green boxes) and visible seams (blue
boxes) appear, while our approach preserves finer textures and
improves visual quality. Finally, for “w/o fine-tuning”, we apply the
web-based image editing model [42] with the prompt “Colors in
Image 1 are adjusted to match the style of the color image in Image
2” As shown in Table 1, fine-tuning produces more perceptually
consistent color distributions, enhancing visual quality.

6 Conclusion

In this paper, we present a new framework for reconstructing
panoramic HDR color image from single-second spikes. We first pro-
pose a spike-based panoramic reconstruction method to generate
panoramic HDR images. Taking into account the noise inherent in
spike data and leveraging the differential spike firing time(DSFT) to
enhance the sharpness of fine details, we design a DSFT-enhanced
vertical constraint matching and texture optimization module. This
module significantly improves reconstruction quality by suppress-
ing noise while reducing stitching artifacts in overlapping regions.
Considering that spike cameras inherently lack color information
due to their binary sensing mechanism, we employ a side-by-side
color camera to capture a color frame as a visual prompt, fine-tuning
an image editing model to generate a panoramic HDR color image
in fast-rotating scenes.

Limitations and future work. We acknowledge that large genera-
tive models may introduce hallucinations when inputs deviate from
the training distribution. However, spike-based texture reconstruc-
tion and learned color priors provide strong constraints, helping
preserve geometric and textural consistency while enabling plausi-
ble color transfer. In practice, hallucinations are mostly limited to
reasonable color variations rather than structural distortions. In ad-
dition, the relatively low resolution of the spike camera constrains
reconstruction quality. To address these challenges, future work
will explore higher-resolution devices, such as the Spike M1K40-
H2-Gen3, to fundamentally improve image sharpness and visual
quality. Additionally, we aim to integrate neural rendering tech-
niques to further enhance dynamic range performance in complex
real-world environments.
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In this supplementary material, we provide details of our dataset
in Sec. 1, details of reconstruction in Sec. 2 and more results in Sec. 3.

1 More Details of Dataset

Synthetic data. We convert consecutive frames captured from

video sequences and randomly cropped images from Internet panoramic

images into spike streams using the noise modeling strategy in [4],
producing sequences with intrinsic spatiotemporal noise that ap-
proximate real spike-camera outputs. We then reconstruct images
from these synthetic spikes. Since the time window used in texture-
from-window (TFW) [7] reconstruction can introduce noise or blur
if set too small or too large, our experiments show that a window
size of M = 20 provides a good balance on synthetic data. In addi-
tion, incorporating differential spike firing time (DSFT) [6] further
preserves fine texture details during reconstruction.

Real-world data. Spike cameras [1-3] have shown significant
promise for high-speed applications. In this study, we use a spike
camera mounted on a tripod to capture fast-rotating scenes, rotating
180° over 1 second, generating 20,000 frames across 50 data files,
each containing 400 frames. Each frame is represented by a single-
bit spike event, capturing discrete moments of the scene with high
temporal resolution. To reconstruct the images, we set the texture
frame window (TFW) to M = 50, meaning every 50 accumulated
spikes generate a single image, resulting in 400 images from the
20,000 frames. These images are then stitched together to form the
full panoramic scene. The advantage of using a spike-based camera
lies in its ability to capture high dynamic range (HDR) information
and handle rapid rotational motion, challenges for conventional
cameras due to their slower frame rates and limited resolution.
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This approach enables efficient image reconstruction in HDR, fast-
rotating environments, producing high-quality panoramic imagery
from sparse data.

2 More Details of Reconstruction

Considering the impact of noise inherent in the spike camera it-
self, we incorporated a DSFT-enhanced vertical constraint matching
framework in the feature matching process to improve the accuracy
of the matched points. To better visualize the matching process, as
shown in Fig. 12, we observe in (a) that some incorrect matches
are indicated by the red arrows. In (b), the number of incorrect
matches is significantly reduced, and we can also see that addi-
tional matches have been successfully identified in the yellow box,
thanks to the DSFT-based image matching enhancement. This im-
provement results in more precise matching points, making image
alignment significantly easier. Since spike cameras generate dense
frames, resulting in the reconstruction of a large number of im-
ages, directly stitching them in sequence inevitably leads to the
accumulation of geometric errors. To mitigate this, we organize the
image sequence into a balanced binary partition tree. The stitching
process then proceeds in a bottom-up fashion, with the left and
right branches growing and converging near the midpoint. This
strategy effectively suppresses drift, ensuring the reconstruction of
a geometrically consistent and visually natural panoramic image.
During the synthesis phase, we employ an adaptive transfor-
mation—comprising a global transformer and a mesh-based local
transformation (MBLT)[5] to align the input images. The aligned
images are then composited into a common coordinate system
using weighted masks. For the MBLT component, we adopt the
off-the-shelf implementation provided in [5]. To verify its effec-
tiveness in our specific setting, we conduct additional experiments
on real-world scenes. As shown in Fig. 14, removing MBLT in-
troduces noticeable black stripes, whereas our full pipeline yields
substantially better alignment and reconstruction quality. Fig. 13
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Figure 10: Comparative results across diverse scenarios.
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Figure 11: More results from our real-world data using our method for reconstruction with the hybrid camera system.
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Figure 12: A visualization of our DSFT-enhanced vertical
constraint matching on an image pair. Red arrows indicate
matches with significant vertical disparity, while yellow
boxes highlight additional correct correspondences intro-
duced by the DSFT enhancement.

Figure 13: The final fusion step. Row 1 shows the weighted
masks for the two input images. Row 2 presents the images
aligned into a common coordinate frame. Row 3 displays the
resulting panoramic HDR image and panoramic HDR color
image.

Figure 14: Effect of the mesh-based local transformation
(MBLT). Removing MBLT leads to noticeable black stripes
(left), whereas our full pipeline with MBLT achieves substan-
tially better alignment and reconstruction (right).

illustrates the estimated weighted masks computed during the fi-
nal fusion step, along with the corresponding source images. In
overlapping regions, we apply weight-based fusion to minimize
artifacts, ultimately producing a seamless panoramic output.

3 More Details of Experiments

To comprehensively evaluate image quality in real-world scenar-
ios, we illustrate more results across diverse scenarios, comparing
the performance of iPhone 15 and Huawei Pura 70 Ultra under
identical conditions. As shown in Fig. 10, our proposed method is
capable of reconstructing high-quality panoramic HDR images in
fast-rotating scenes. We utilize a side-by-side color camera system
to capture a reference color frame, which serves as a color prompt
for the subsequent image reconstruction. The color frame from the

MM °26, November 10-14, 2026, Rio de Janeiro, Brazil.

conventional camera is used to guide the fine-tuning of an image-
editing model, specifically optimized for HDR color reproduction.
Meanwhile, we also present more results obtained from real-world
data. As shown in Fig. 11, we showcase panoramic HDR images and
their corresponding panoramic HDR color images, captured from
additional scenes using our method. The resulting panoramic HDR
color images closely match the color representation of real-world
scenes, yielding visually pleasing results that are consistent with
human visual perception.
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