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MonoEM: Object-level Monocular 3D Object Detection
Based on Equirectangular Map under Inclement Weather
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Abstract— Monocular 3D object detection has received grow-
ing recognition in contemporary research due to its reduced
hardware complexity and lower deployment cost compared to
multi-sensor-based approaches. Prior research has primarily
addressed ideal environmental settings, neglecting the influence
of diverse weather scenarios, including rain, snow, and fog, that
significantly hinder detection reliability. To enhance robustness
under inclement weather conditions, we introduce MonoEM, a
monocular 3D object detection framework that leverages object-
level image representations and equirectangular maps. Starting
from 2D detection results, MonoEM derives equirectangular
maps through an equirectangular object-level reconstruction.
Furthermore, MonoEM suppresses inclement weather noise in
object-level images through image restoration. Subsequently,
MonoEM fuses the reconstructed equirectangular map with the
restored image and performs 3D bounding box prediction using
a visual-range fusion detector. The integration of 2D-3D box
alignment loss between 2D and 3D bounding boxes improves
the geometric alignment and 3D object detection accuracy.
Experimental results across various inclement weather condi-
tions validate the notable accuracy and robustness of MonoEM
compared to existing monocular 3D baselines. The source code
is provided at https://github.com/yeonw0029/MonoEM.

I. INTRODUCTION

Monocular 3D object detection has emerged as a practical
solution for applications like autonomous driving. Unlike
approaches that rely on LiDAR or stereo vision [1]-[5],
it operates using a single RGB camera, which simplifies
hardware requirements and significantly reduces cost. These
benefits have led to increased research interest in monocular
approaches. However, most existing studies focus on clear-
weather scenarios, making detection methods less robust un-
der challenging weather conditions commonly encountered
in real-world environments.

Previous approaches have utilized distance-based cues,
such as depth maps or pseudo-LiDAR, to infer 3D infor-
mation. However, these techniques generally assume clear
weather conditions and overlook the impact of weather-
induced particles on distance measurements. As shown in
Fig. 1(a), a point cloud can be expressed in spherical
coordinates (r,6,¢) and subsequently converted into an
equirectangular map [6]. Under inclement weather, noise
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Fig. 1: (a) Equirectangular maps under inclement weather
exhibit pepper noise artifacts caused by occlusion and laser
signal attenuation. (b) Performance comparison between 3D
and 2D object detectors on the Dense dataset.

can interfere with laser signals, either by reflecting them
prematurely or attenuating them, resulting in a measured
range 7’ that is shorter than the actual distance r. This
weather-induced noise appears as pepper-like artifacts in the
equirectangular map, as illustrated in Fig. 1(a). Using the
equirectangular map, which captures such noise patterns,
enables more effective identification and correction of noise
from inclement weather.

Another important insight is that monocular 3D detectors
often exhibit higher miss or false detection rates compared to
their 2D counterparts. As visualized in Fig. 1(b), whereas the
state-of-the-art (SOTA) monocular 3D detector MonoWAD
yields some missed and inaccurate predictions with a high
inference time of 854ms, the 2D detector CenterNet [7]
successfully identifies most objects within about 9ms, even
under challenging weather. This highlights the difficulty
of directly estimating 3D information from monocular in-
puts, which increases detection uncertainty. In contrast, 2D
detection offers low computational cost and more reliable
region proposals [8], which can be effectively leveraged to
facilitate accurate and efficient 3D localization. While 2D
detectors maintain high recall under inclement weather, their
localization precision often degrades due to blur and partial
occlusions. Subtle boundary inaccuracies, though minor in
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2D, can be significantly amplified in monocular 3D detection
where depth and orientation depend on precise spatial cues.

Motivated by these insights, we introduce MonoEM, a

monocular 3D object detection framework designed to be
robust under various weather conditions. MonoEM preserves
the baseline 3D detector and instead restores geometric
fidelity within detected object regions. By refining object-
level representations before 3D regression, MonoEM miti-
gates error amplification caused by imperfect 2D localiza-
tion. From the detected 2D regions, object-level images are
converted into equirectangular maps, where weather-induced
noise is subsequently mitigated. Given that such maps often
suffer from resolution loss at long ranges, we incorporate
an upsampling module to refine the structural details of
distant objects. To accurately infer 3D bounding boxes,
we further design a visual-range fusion detector that aligns
and integrates features from the equirectangular domain and
the image space. This module is trained with a 2D-3D
box alignment loss to improve localization accuracy under
monocular constraints. Our contributions are summarized
below:

o We propose an equirectangular object-level reconstruc-
tion method comprising an equirectangular map trans-
lator to generate an equirectangular map from an im-
age, range-aware dynamic denoising to remove weather
noise, and an equirectangular map upsampler to improve
the structural details of distant objects.

« We propose a visual-range fusion detector that employs
coordinate alignment to bridge the equirectangular map
and image spaces.

e We propose a 2D-3D box alignment loss to enhance
detection consistency between the estimated 2D and 3D
bounding boxes.

II. RELATED WORK
A. Monocular 3D Object Detection

Monocular 3D object detection approaches are generally
grouped into two types: those relying solely on image data
and those utilizing additional external cues. Methods relying
solely on monocular images [9]-[18] typically utilize either
explicit geometric constraints or deep learning architectures
to obtain 3D bounding boxes. For instance, Zhang et al. [19]
introduced a depth-informed transformer that extracts spatial
structure solely from monocular input, without requiring
additional sensor data.

Given the limited 3D information inherent in monocular
images, several studies [20]-[23] have explored incorpo-
rating supplementary cues to improve detection accuracy.
Huang et al. [23], for example, proposed MonoDTR, which
fuses depth features with contextual information. While
earlier methods were primarily designed for clear weather
scenarios, recent work has begun to address the challenges
posed by adverse environments. Lei et al. [24] and Li
et al. [25] proposed weather-specific data augmentation
techniques; however, their models lack explicit mechanisms
for resolving uncertainties in regions occluded by weather-
induced noise, an area where restoration-based methods offer

greater potential. More recently, Oh et al. [26] presented
MonoWAD, a diffusion-based framework that leverages pri-
ors from clear-weather data to improve detection under foggy
conditions. Although it delivers improved performance, the
model suffers from slow inference speeds. To address these
shortcomings, we propose an object-level monocular 3D
detection framework designed to ensure reliable performance
under a wide range of inclement weather conditions.

B. Image Restoration for Inclement Weather

Earlier works have aimed to recover weather-degraded
images to their clean counterparts, facilitating downstream
visual tasks. Several prior works [27]-[36] have focused on
reconstructing images synthesized through synthesis tech-
niques. Restormer, proposed by Zamir et al. [37], is a trans-
former architecture tailored to exploit multi-scale feature
representations for improved image restoration performance.
Valanarasu et al. [38] likewise introduced TransWeather, a
unified transformer-based framework for end-to-end restora-
tion under inclement weather.

III. METHODOLOGY
A. Overall Architecture

As visualized in Fig. 2, we introduce MonoEM, a monoc-
ular 3D object detection framework tailored for inclement
weather scenarios. From a single input image, MonoEM ex-
tracts object-level regions using a 2D detector and processes
them through two parallel branches: equirectangular object-
level reconstruction and image restoration. In the first branch,
the object image I, is translated into an equirectangular
map E, via an equirectangular map translator. To mitigate
weather-induced noise, range-aware dynamic denoising is
applied, followed by an equirectangular map upsampler that
refines structural details yielding the enhanced map Egen.
In parallel, the second branch restores fo using a CNN-
transformer network. Finally, the restored image f,.es and
Egen are fused via a visual-range fusion detector to predict
the final 3D bounding box 33 D-

B. Object Region Extraction

The existing SOTA detection approach [26], which in-
corporates image restoration modules, processes the entire
image affected by inclement weather. However, this global
processing is computationally intensive, posing limitations
for real-time deployment. To overcome this issue, we intro-
duce an object-level framework that uses 2D detection to
localize and process only relevant regions.

As depicted in Fig. 2, our method employs CenterNet [7]
with a DLA-34 architecture [39] for the 2D detection. This
convolutional architecture offers a strong efficiency-accuracy
balance, thus enabling real-time deployment. From a single
input image, the detector predicts 2D bounding boxes Byp,
which are then expanded to 2x the original width (W) and
height (H) to include contextual background information.
The cropped object I, is subsequently processed through two
parallel branches: equirectangular object-level reconstruction
and image restoration.
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Fig. 3: Equirectangular object-level reconstruction.

C. Egquirectangular Object-level Reconstruction

Monocular 3D detectors typically rely on depth maps
or pseudo-LiDAR for spatial cues. However, depth maps
are defined in the perspective image plane, where weather-
induced artifacts are entangled with projection distortions,
making noise suppression challenging. In contrast, equirect-
angular maps represent range in an angular domain (W x H
as ¢ x 6), where weather artifacts appear as angularly
inconsistent range spikes. Our denoising suppresses these
inconsistencies while preserving object-consistent geometric
gradients, leading to more stable 3D regression under adverse
conditions. Hence, we adopt equirectangular maps as an
alternative 3D representation that captures weather-specific
noise while reducing complexity.

Figure 3 illustrates the proposed equirectangular object-
level reconstruction framework, which extracts clean and
informative 3D cues from the object image I,. The I, is
converted into its corresponding equirectangular represen-
tation F, using a translation network based on image-to-
image translation [40]. To enhance edge fidelity and suppress
irregular noise artifacts, we incorporate an additional gradient
consistency loss Lgrqq, defined as:

Egrad = Z Hvd(EO) - Vd(EO)Hl
de{h,v}

(1)

where EO denotes the translated output, and F, is the
ground-truth (GT) equirectangular map. The operators Vy,
and V, compute the horizontal and vertical gradients.
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The estimated equirectangular map E, derived from I,
exhibits weather-induced pepper noise artifacts, as presented
in Fig. 1(b). To suppress these artifacts, we apply range-
aware dynamic denoising, depicted in Fig. 3. Assuming the
object lies at the center, we estimate its center range as
follows:

# = median{Ey(ue +i,ve + j)|i,j € {~1,0,1}}.  (2)

Here, (u.,v.) indicates the center of E,. This estimated
distance 7 is then used to distinguish object pixels from noisy
surroundings. Pixels with values close to 7 are retained, while
others are smoothed to yield the denoised map E, below:

- D(Ey(u,v)), |Eo(u,v) —# > 7 '

Eq(u,v) = i (,0) 3)

otherwise

Here, 7 is a threshold that defines the acceptable deviation
from 7 for preserving foreground pixels. When the difference
exceeds 7, we apply a dynamic median D defined as:

D(E,(u,v)) = max(median(S;), Eo(u,v)). 4)

Here, S J denotes the selected directional set as follows:
S={Eo(u=A%, v=A7), Eo(u,v), Eo(utAl, v+AL)}, (5)

where the optimal direction d is determined by minimizing
the absolute difference as follows:
d= 6)

argmin = Ay,
de{hv,di,ds}

Ay = |Ey(u+ Alv+ A) — Ey(u— Al,v— A))|. (7)

Here, the directions are defined as A}7 = (1,0), Al =
(0,1), A7) = (1,1), and A};7 = (—1,1). Consequently, the
range-aware dynamic denoising mitigates weather-induced
noise in the equirectangular map and preserves object pixels.

Although the proposed denoising techniques are effective
in suppressing noise within the equirectangular map, they
fall short in preserving structural details of distant objects.
To address this, we utilize the estimated object range 7 to
adaptively upsample the equirectangular map to an optimal
resolution. Figure 4 presents the correlation between 3D
average precision on the KITTI dataset [41] and the number
of sampled points, segmented by object range in 10-meter in-
tervals. Based on the results with our base MonoDETR [19],
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the optimal number of points for each range (denoted by %)
is derived from ¢, which subsequently guides the adaptive
upsampling process. For upsampling, we employ a U-Net-
based inpainting network inspired by [6]. The initial step
involves inserting zero-valued pixels between the original
values of F,, resulting in a zero-padded map Epad. A binary
mask M is then used to inpaint the missing values:

Egen = ®(Fpad) © M + Epaa © (1 — M), (8)

where ® denotes the upsampling network and ® is element-
wise multiplication. In this formulation, original pixels are
preserved, and the newly inserted regions are produced.

To train the equirectangular map upsampler, we adopt the
loss function as follows:

£range = ELI + ACperc + £g'rada (9)

where L1, minimizes the pixel-wise differences, and Ly,
denotes the perceptual loss [42], which measures the discrep-
ancy in VGG16 feature space. In addition, Egmd is computed
as in Eq. (1) using the upsampled output E,.,, and the GT
equirectangular map Eg;. For training, we feed the network
with equirectangular maps that are uniformly subsampled.

D. Image Restoration

The image restoration module operates in parallel with the
equirectangular object-level reconstruction. It takes the I,
as input and passes it through a U-Net-shaped transformer
architecture inspired by [37]. The encoder consists of a
hybrid design combining convolutional layers and trans-
former blocks to effectively capture local textures and global
contexts. The decoder progressively reconstructs the object
image, producing the restored output I,.s, which is later
fused with range-based information in the detection stage.

E. Visual-range Fusion Detector

Although our reconstruction methods yield clean data,
fusing the equirectangular map and image remains challeng-
ing due to spatial misalignment. The equirectangular map
is defined in polar coordinates (¢, ), while the image uses
Cartesian coordinates (u,v), hindering effective fusion and
reducing detection accuracy. To address this, we propose a
visual-range fusion detector that unifies feature representa-
tions via coordinate alignment and improves 3D region de-
tection by reinforcing consistency with 2D detection results.

Visual-range fusion detector
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Fig. 5: Visual-range fusion detector.
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In Fig. 5, the visual-range fusion detector takes FEg.,
and fres as inputs, where fres includes BQD. To ensure
spatial alignment, Eg, undergoes coordinate alignment to
correspond with Ies. The equirectangular map coordinates
(¢, 0) are first converted to 3D Cartesian coordinates (z, y, z)
and then projected onto 2D image coordinates (u,v) using
the camera projection pipeline as follows:

(10)
(1)

Here, P is the 3 x 4 projection matrix, R the rectification
matrix, and 7' the transformation matrix (both 4 x 4). The
s denotes the scaling factor. This step ensures spatial corre-
spondence by mapping 3D range points to the image plane.
Next, Egen and f,«es are encoded using range and visual
encoders, respectively, following the architecture of [19]. The
range encoder output is linearly projected to Qs, K, and V;
for self-attention, enhancing spatially detailed 3D cues. The
visual encoder output serves as (). in the cross-attention,
integrating 3D cues with texture-rich visual features. The
fused representation is passed through a feed-forward net-
work (FFN) and a 3D detection head to predict Bsp.

u=u'/s, v=1/s,

(w'v',s)=P-R-T-(x,y,2,1).

F. 2D-3D Box Alignment Loss

As shown in Fig. 6, we propose a 2D-3D box alignment
loss to enhance spatial alignment between the projected 2D
bounding box B derived from Bg p and the Bg p from the 2D
detector. To obtain B, the 3D box B’g p is first converted into
its eight 3D corner points. These corner points are projected
onto the 2D image plane using Egs. (10) and (11), yielding a
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set of image coordinates (uy, vk)izl. The 2D bounding box
enclosing the projected corners is then defined as follows:

max(u)+min(uy) max (v )+min(vy)

? T (12)

W = max(ug) — min(uy), h = max(vg) — min(vg).

U=

y U =

where w,v specify the box center and w,h specify the
width and height of the box. To ensure consistency and
suppress outlier projections that extend beyond the expected
2D region, we define the alignment loss as:

Latign = |B — Bapla. (13)

In addition to minimizing the discrepancy between pre-
dicted and GT 3D bounding boxes via the regression loss
Lyeq, the cross-entropy loss L.;s enhances object classifica-
tion. The overall objective is defined as:

Etot = Lreg + Ecls + Aalignﬁalign7 (14)

where Aqiign controls the influence of Lgiign. Using this
combination, MonoEM improves performance while reduc-
ing ambiguity via alignment with 2D detection outputs.

IV. EXPERIMENTS
A. Dataset

The KITTI dataset [41] provides 7,481 images, with 3,712
allocated for training and the remaining 3,769 used for
validation purposes. Model effectiveness was evaluated using
average precision metrics: APggy for bird’s-eye view de-
tection and AP3p for 3D detection. The evaluation followed
over 40 recall thresholds, with performance reported for
the car class using a threshold of 0.7 for intersection-over-
union (IoU). In line with [43], we created synthetic weather-
affected images, collectively termed S-KITTIL.

The Dense dataset [44] targets 3D detection across diverse
weather, such as clear, snowy, rainy, and foggy. A total of 808
clear-weather, 947 snowy, 57 rainy, and 388 foggy validation
images were employed. These were reformatted to the KITTI
style and evaluated at an IoU threshold of 0.5.

The CADC dataset [45], focused on snowy weather,
includes 1,238 validation images, evaluated at an IoU of 0.5.

B. Implementation Details

In the range-aware dynamic denoising module, the 7
was set to 4.0, while the total loss function incorporated a
weighting factor Agi;gn, of 1. MonoEM was trained for 250
epochs, configured with a learning rate initialized to 2e-4
and a batch size of 4 on an RTX-3080 GPU. The AdamW
optimizer with weight decay was employed, and the learning
rate was halved at epochs 85, 125, 165, and 225 to aid
convergence.

For supervision during training, we apply synthetic
weather degradations to KITTI images (S-KITTI) and use the
corresponding original clear KITTI images as reconstruction
targets. Ground-truth equirectangular maps are generated
from KITTI LiDAR point clouds for supervision during
training. The Equirectangular map translator network is
trained to regress these range maps from RGB inputs. LIDAR
is used only for supervision during training and is not
required at inference.

TABLE I: Assessment of monocular 3D detectors on S-KITTI
across weather types for car class at moderate level.

Metric APprv (%) AP3p (%)
Weather Clear  Rain Snow Fog Clear Rain  Snow Fog
DDMP-3D 1822 2.29 0.24 12.14 | 1256 094 0.42 6.19
PL:F-Pointnet | 21.56  4.95 1.72 1332 | 1492 218 0.76 8.46

MonoDTR 22.31 543 1.86 13.92 | 1522 280 095 8.94

DEVIANT 2054  2.89 0.34 13.00 | 1477 1.02 0.08 7.63
MonoDETR 22.84  6.69 2.67 1583 | 1627  3.69 1.42 10.03
MonoCD 21.06  6.12 2.57 14.66 | 1537 277 1.25 8.96
MonoWAD 2448 1193 583 17.20 | 17.96 745 3.55 13.57
Ours 2489 1201 646 1894 | 19.03 795 417 14.77

TABLE II: Assessment of monocular 3D object detectors
on real-weather datasets (Dense and CADC) across weather
types for car class at moderate level.

Metric APgrv (%) AP;p (%)
Dataset Dense CADC Dense CADC
‘Weather Clear Rain  Snow Fog Snow | Clear Rain  Snow  Fog Snow
DDMP-3D 1391 263 042 6.17 9.39 9.88 0.3 008 3.02 8.72
PL:F-Pointnet | 1523 3.86 091 8.11 1313 | 1281 122 011  6.05 9.21
MonoDTR 1562  4.01 177 1050 | 13.66 | 1323  1.71 0.18 742 | 11.05
DEVIANT 14.83 1.63 0.27 7.95 13.68 11.56  0.83 0.07 5.22 9.81
MonoDETR 1588 600 176 1023 | 13.17 | 13.80 256 022 6.11 10.74
MonoCD 1518 3.72 1.91 7.80 1090 | 1279 125 027 562 9.38
MonoWAD 17.76  5.71 3.36 11.03 14.24 1496 597 1.22 8.60 11.73
Ours 2049 921 441 1290 [ 15.09 | 1582 637 214 988 | 12.25

Rain

Dense | Snow

Fog

CADC [ Snow

Fig. 7: Visual evaluation of the 3D object detectors, (a)
MonoDETR, (b) MonoWAD, and (¢c) MonoEM, on Dense
and CADC datasets. Correct predictions are highlighted in
green, while missed ones are shown in red.

C. Main Results

We evaluate MonoEM against SOTA monocular 3D detec-
tion and restoration models trained on the S-KITTI dataset
under all weather conditions. Bold text indicates the best
performance in each table.

Table I presents a comparison between existing monocular
3D object detectors and MonoEM on the S-KITTI dataset
for the car class at moderate level. Existing methods show
notable performance drops under inclement weather, while
our method consistently outperforms them in APggy and
APsp, including in clear weather scenarios. This robustness
stems from the proposed range-aware dynamic denoising for
harsh conditions, and improvements under clear weather are
attributed to equirectangular map upsampling and 2D-3D
box alignment. Additionally, our equirectangular map-based
approach outperforms alternatives relying on pseudo-LiDAR
(PL:F-PointNet) or depth maps (DDPM-3D).

Table II extends the comparison to the Dense and CADC
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TABLE III: Assessment of 3D object detectors with restora-
tion models on S-KITTI across weather types for car class
at moderate level.

Metric APsp (%)
Restoration | Detection | Clear Rain Snow  Fog
Restormer MonoDETR | 17.18 527 2.09 12.66
MonoCD | 16.89 4.60 1.82 1225
FocalNet MonoDETR | 1832 6.18 2.67 13.81
MonoCD | 17.61 586 230 13.38
Ours 19.03 795 417 14.77

TABLE IV: Assessment of denoising applied to equirectan-
gular maps on the S-KITTL

Metric PSNR (dB) SSIM

w/o filtering 21.16 0.785

Median filtering (3x3) 22.85 0.779
Range-aware dynamic denoising 24.22 0.803

Fig. 8: Visual evaluation of the proposed range-aware dy-
namic denoising.

datasets, which reflect real-world weather scenarios. All
models were trained on S-KITTT and tested on these datasets
to assess generalization. MonoEM outperforms existing
SOTA methods across all weather conditions, demonstrating
generalizability. This result stems from explicitly modeling
weather-induced noise patterns in the equirectangular map,
which are consistently observed across diverse datasets.

Figure 7 shows visual comparisons between MonoEM
and existing detectors on the Dense and CADC datasets.
Existing models show limited performance in inclement
weather. In contrast, MonoEM uses equirectangular map
noise characteristics to guide object-level restoration, leading
to more accurate detections. Although some failure cases
remain for distant and heavily occluded objects, MonoEM
demonstrates greater robustness overall.

Table III compares SOTA monocular 3D object detec-
tors combined with image restoration approaches, including
Restormer [37] and FocalNet [35], evaluated on the S-
KITTI dataset in inclement weather. The detectors were
trained using images enhanced by these restoration models.
In contrast to the combined methods, MonoEM achieves the
best detection performance across diverse conditions.

Table IV reports the denoising performance of the pro-
posed range-aware dynamic denoising on S-KITTI, measured
by PSNR and SSIM. Compared to 3x3 median filtering,
our method yields higher scores, demonstrating superior
effectiveness in mitigating noise in equirectangular maps.

Table V presents the PSNR and SSIM for the image-
to-image translation performed on equirectangular maps on
the S-KITTI dataset. Our method is compared against the

TABLE V: Assessment of the translator applied to equirect-
angular maps on the S-KITTIL.

Metric PSNR (dB)  SSIM
StegoGAN 28.49 0.798
Ours 35.73 0.830

TABLE VI: Complexity of monocular 3D object detectors
on the S-KITTL

Metric Params (M) Time (ms) FLOPs (G)
DDMP-3D 285.50 182.27 158.03
PL:F-Pointnet 90.72 335.26 134.81
MonoDTR 54.27 62.81 117.96
DEVIANT 16.63 210.33 117.52
MonoDETR 3593 38.87 119.44
MonoCD 41.96 42.36 171.20
MonoWAD 74.34 853.78 181.06
Ours 32.86 37.51 117.91

TABLE VII: Ablation study for the MonoEM on the S-KITTI
at moderate level.

2D detector . Range-awafe' Equirectangular map Imagf: AP35 (%)
ynamic denoising upsampler restoration

v v v v 11.48
10.34
10.98
9.69
10.74
8.56

v v v

v v

v v
v v

ENENEN

baseline model, StegoGAN [40]. StegoGAN, when trained
on equirectangular maps, tends to suffer from structural
distortion and introduces artifacts caused by abnormal pixels.
The gradient loss term L we introduced enhances structural
fidelity and suppresses artifacts. Consequently, our approach
yields higher PSNR and SSIM values, indicating better
handling of the inherent property of equirectangular maps.

Figure 8 presents the visual outcomes of applying range-
aware dynamic denoising to equirectangular maps from real-
world weather datasets (Dense and CADC). The results
validate that the proposed method effectively suppresses
weather-related noise while preserving the structural details,
highlighting its robustness under various weather conditions.

Table VI presents a comparison of model complexity in
terms of Params, inference time, and FLOPs on the S-
KITTT dataset. Despite integrating restoration modules, the
proposed method achieves the lowest inference time, under-
scoring its suitability for real-time applications. Additionally,
its Params and FLOPs are on par with existing detection
models. This efficiency is attributed to the object-level design
of the reconstruction and detection components.

D. Ablation Study

Table VII exhibits the ablation study, analyzing the de-
tection performance of the MonoEM across all weather
conditions on the S-KITTI dataset. The symbol v* signifies
that the module is active. The first row shows the AP5p score
of the complete model with all components enabled. The
second to fourth rows present ablation results by individually
removing the image restoration module, equirectangular map
upsampler, and range-aware dynamic denoising, respectively.
The fifth row assesses the impact of removing the object-
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level pipeline, using the full image instead of 2D detector-
guided regions. Finally, the last row reports the baseline
performance of the backbone network. These results indicate
that the proposed components contribute positively to the
overall accuracy.

V. CONCLUSION

This work aims to mitigate the vulnerability of monocular
3D object detectors to a variety of weather conditions.
MonoEM initiates the pipeline by employing a 2D object
detector to generate region proposals, which simplifies sub-
sequent 3D object detection and reduces both computational
cost and ambiguity. To recover spatial geometry, the model
leverages an estimated equirectangular map that encapsulates
scene-level depth characteristics. Within the equirectangular
map, MonoEM dynamically suppresses noise artifacts and
adaptively enhances resolution in distant regions to retain
structural fidelity. A visual-range fusion module further
refines 3D box estimation by enforcing spatial coherence
between RGB features and range cues, guided by a 2D-3D
box alignment loss on the estimated bounding boxes. As a
result, MonoEM achieves real-time speed while delivering
superior detection accuracy across both synthetic and real-
world benchmarks in adverse environmental settings.
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