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Abstract—1In the fields of robotic perception and computer
vision, achieving accurate semantic segmentation of low-light
or nighttime scenes is challenging. This is primarily due to the
limited visibility of objects and the reduced texture and color
contrasts among them. To address the issue of limited visibil-
ity, we propose a hierarchical gated convolution unit, which
simultaneously expands the receptive field and restores edge
texture. To address the issue of reduced texture among objects,
we propose a dual closed-loop bipartite matching algorithm
to establish a total loss function consisting of the unsupervised
illumination enhancement loss and supervised intersection-over-
union loss, thus enabling the joint minimization of both losses
via the Hungarian algorithm. We thus achieve end-to-end
training for a semantic segmentation network especially suitable
for handling low-light scenes. Experimental results demonstrate
that the proposed network surpasses existing methods on the
Cityscapes dataset and notably outperforms state-of-the-art
methods on both Dark Zurich and Nighttime Driving datasets.

I. INTRODUCTION

AIMING to label each pixel of a given image to an object
category, semantic segmentation is a fundamental computer
vision task and benefits many applications such as robot
perception [1], autonomous driving [2], and medical imaging
[3]. Although deep learning techniques have made significant
advancements in the performance of semantic segmentation
for images captured during the daytime under favorable
lighting conditions, limitation significantly undermines its
performance for low-light scenes [4]. To address this issue,
many low-light image enhancement networks have been
developed [5]-[7], but each requires independent training be-
fore integration into semantic segmentation. This separation
prevents these networks from fully optimizing their param-
eters for the specific needs of the subsequent segmentation
tasks. Furthermore, the complex standalone training process
constrains the broad application of segmentation algorithms
for low-light scenes.
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Significant progress has been made in the field of semantic
segmentation of low-light scenes. Dai et al. [8] introduced
an intermediate twilight domain to adapt semantic models
trained on daytime scenes to nighttime ones progressively.
Sakaridis et al. [9] extended the approach in [8] to a guided
curriculum adaptation framework, utilizing both stylized
synthetic images and unlabeled real images to leverage cross-
time-of-day scene correspondence. However, these gradual
adaptation approaches typically require training multiple
semantic segmentation models, such as three models in [10]
for three different domains, which is inefficient. Subsequent
work along this direction [11]-[13] also trains additional
image transfer models, but the performance of semantic
segmentation heavily relies on the pre-trained image transfer
model in the preprocessing stage.

In the area of low-light image segmentation, we identify
two predominant challenges: 1) Targets appear with limited
visibility, and 2) The color contrast at edge textures among
distinct targets is subdued, hindering precise edge delin-
eation. Our proposed network aims fundamentally crafted
to address them.

To the best of our knowledge, there is no end-to-end
semantic segmentation network designed for low-light condi-
tions existed. The primary challenge stems from the inability
of the existing methods to optimize the unsupervised illumi-
nation enhancement (IE) loss and supervised intersection-
over-union (IoU) loss jointly. This issue is due to potential
conflicts between the optimization objectives of these two
losses. To address it well, we propose a Dual Closed-loop
Bipartite Matching (DCBM) algorithm, which establishes
a comprehensive loss criterion. Joint optimization of these
two losses is used to perform the Hungarian algorithm [14].
Furthermore, we propose a Hierarchical Gated Convolution
(HGC) unit. It not only expands the effective receptive
field over the original network while maintaining an almost
unchanged parameter count, but also leverages the potent
edge feature extraction capability of the gated convolution,
helping mitigate edge loss in low-light images.

In this work, we propose an End-to-end Semantic Seg-
mentation Network for Low-light scenes (ESSNL), which
learns to enhance images in low-light conditions for semantic
segmentation in an end-to-end manner. This work intends to
make the following new contributions:

1) It proposes an HGC unit that can extract more edge
texture information than the original network and expands
its receptive field on a fine-grained level, while maintaining
an almost unchanged parameter count.

2) It proposes a DCBM algorithm that minimises both
unsupervised IE loss and supervised IoU loss, thus achieving
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Fig. 1: The architecture of ESSNL. Solid directed arcs represent the forward propagation process of features, while the
dashed ones below L; and L, indicate the backward propagation process of training losses. ESSNL achieves end-to-end
training through the inner loop (indicated by the red directed arcs) and the outer loop, to be detailed in Sec II.3. The details
of each stage (PO, P1, P2, etc.) are depicted as shown in Fig. 3, with the upper left corner indicating its resolution.

end-to-end training for the semantic segmentation network
under low-light conditions.

3) It designs the decoder of ESSNL based on mask-to-
mask predictions rather than pixel-to-pixel ones, thus reduc-
ing erroneously predicted pixels inside each classified area.
Experimental results on the Dark Zurich, Nighttime Driving
and Cityscapes Datasets demonstrate the effectiveness of
ESSNL.

II. PROPOSED METHODS

The architecture of the proposed ESSNL is shown in Fig.
1. To enhance the class consistency inside each segmented
area, we design the decoding part to make mask-based
predictions instead of pixel-to-pixel ones. We employ a two-
stream network structure [15]. To address mask overlap, we
adopt the Closest-Center Policy [16]. Two bipartite graphs
are utilized for loss calculation: one for unsupervised training
of the light-enhanced shallow network and the other for
supervised training to improve the segmentation accuracy
of ESSNL. These graphs are interconnected through a dual
closed-loop training strategy to facilitate co-optimization.
2.1 HGC Unit

Since gated convolution [17] has demonstrated its ability
to extract edge features, we introduce it into the convolution
unit in the form of hierarchical cascades, thus improving the
ability to distinguish the edges of objects in low-light images.
To endow the acquired features with multi-scaled receptive
fields, we construct HGC as shown in Fig. 2(b). HGC first
divides a feature map input into s subsets, represented by
2, 4 € {0,1,--- ,s— 1} and s is the number of grouping
dimensions. Each subset of the feature map retains the same
resolution w.r.t the input feature map, while the number of
channels becomes 1/s w.r.t it. Every x; except xo is input
through a convolution layer with kernel size of 3 x 3 and
a residual gated model (RGM) with the same number of
channels w.r.t it, represented by f;(). y; is the output feature
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Fig. 2: The comparison between conventional 2D convo-
Iution (Conv2D) unit and HGC unit with the grouping
dimension s = 3.

map of f;(). The output is Y _;_, y;, where the addition refers
to the concat operation of the obtained feature map. We have:

iz 1=0
fi(xi +yic1) 1<i<s
To compare the size of receptive fields (SRF) of Conv2D
and HGC, we assume that both convolutions operate on the
feature map L; of kernel size fj and stride .5;. Considering

that only one kernel size is used, i.e., K, in HGC, we have
the ratio of SRF between Conv2D and HGC:

Ry 1+ (K, —1)5;
R 14 (K. —1) X, (T

where K is set as 3 to obtain the largest SRF with the same
number of parameters in Conv2D operation [18]. The SRF

Yi = (D

2
S;) @
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Fig. 3: The Encoder architecture of ESSNL. The (3 x 3, conv,
64, 2) represents HGC operation with kernel size of 3 x 3,
kernels of 64, and stride of 2. P; represents the feature map
obtained by convolution operations. Proto and Coef [19] are
feature maps shown in Fig. 2

of yo, Y1, Y2, and ys in Fig. 2 (b) are 1, Ry, Ro, and Rg,
respectively. It demonstrates that HGC endows an obtained
feature with multi-scale receptive fields (1, R;, Rs and R3),
and its maximum receptive field is about 2 to 6 times larger
than the single receptive field of Conv2D.

HGC units are utilized in the Encoder of ESSNL, as shown
in Fig. 3. Among the four groups of residual modules, only
the number n of the third group changes, referring to the
architectures of ResNet50 to 101 [20].

2.2 Bipartite Matching for Loss Formulation

To enhance the brightness, we adopt the loss functions that

are well designed by Zero-DCE++ [5]:

Le = wlLi + UJQL; + UJ3L§, (3)

where Li-L3 are the exposure control loss, color constancy
loss, and illumination smoothness loss, respectively. We use
the same weights as [5]’s, i.e., w1 = 1, wy = 0.5, w3 = 20.

The proposed ESSNL generates two fixed-size arrays of
predictions: one encompassing light enhancement images
(as illustrated before Loss IE in Fig. 1), and the other
for semantic masks (as illustrated before Loss IoU in Fig.
1). Instead of grappling with the complexity of manually
aligning ground truth entities using handcrafted rules, we
employ bipartite matching to enable an efficient end-to-end
training approach.

To tap the end-to-end training, we formulate the label
assignment problem as a biparty graph matching one. Then
we use the Hungarian algorithm [14] to find the minimum
value of the bipartite graph as the loss value:

Cli k) = p;;ka.DICE(mi, )%, 4)
N

L" =" [~ log(psei) (i) + C(i, k)] (5)
=1

where « is a hyper-parameter that balances the influences of

classification and segmentation. cj represents the category
label for the k-th ground-truth object, and p; ., indicates
the probability of the ¢-th prediction belonging to category
ci. m; and tj are the masks of the i-th prediction and the
k-th ground-truth object, respectively. N is the number of
matched pairs, and ps(;)(c;) is the predicted probability for
a class.

2.3 Dual Closed-loop for Loss Optimization

Based on our experimental results, creating the total loss
as a weighted summation of two individual losses leads to a
non-convergence issue during training. This can be attributed
to the potential conflicting optimization objectives of the
two individual losses. To address this challenge, rather than
merely weighting and summing the losses, we propose a
dual-loop training strategy.

1) Inner loop focuses on unsupervised training, thereby
enhancing the illumination of activation maps. The loss of
this loop (L1) reflects how well the encoder’s shallow IE
network is performing this task.

2) Outer loop Takes charge of the supervised training to
enhance semantic segmentation precision. The loss of this
loop (L») indicates the accuracy of semantic segmentation
of ESSNL.

Our idea is to fine-tune the inner loop and add its loss value
L, to the outer loop for training. We multiply the loss of the
inner loop by a weight /3; for back propagation, denoted as
L(). In the forward propagation of the outer loop, denoted
as F'(), we already incorporates the inner loop’s values. We
further multiply its loss by 2 for back propagation. Finally,
we add this to the inner loop’s loss, which is weighted by

ﬂg, ie.:

Lo(zk) = FLa(xr-1) + BrLai(zk-1)];

Ly (wr) = F[L1(zr—1) + B2 La(zk-1)]; )
Li(21) = F[La(wo) + B3Li (o)),

Li(z1) = BsLy (o), La(wo) = L0k > 2

where L; and LI correspond to the initial values of Lo and
Ly, respectively. During the initial training phase, ESSNL
conducts a single outer loop training to derive the initial loss
L. L, is the initial value of L; at next forward propagation.

This dual-loop approach ensures that both unsupervised
training for image illumination-enhanced and supervised
training for semantic segmentation accuracy are well inte-
grated within ESSNL, thereby ensuring the convergence of
the overall training process for effective end-to-end training.

III. EXPERIMENTAL RESULTS

In this section, we evaluate the performance of the intro-
duced ESSNL across three public datasets and present results
from ablation studies.

3.1 Datasets and Evaluation Metrics

For all experiments, we use the mean of category-wise

intersection-over-union (mloU) as the evaluation metric. The
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Input Image PP-LiteSeg[25] HyperSeg[26] PIDNet[27] ESSNL(Ours) Semantic GT

Fig. 4: Visualization comparison of our ESSNL with existing SOTA real-time methods on four samples from Cityscapes-val
(the first 2 rows) and Dark-Zurich-val (the last 2 rows). Note that these networks are only trained with Cityscapes dataset.

TABLE I: Performance on Cityscapes val-test and test-set, where 7; represents the number of processed frames per second.

mloU

Method al Tost T GPU Resoution GFLOPs Params
SwiftNetRN-18 [21] 75.5 75.4 39.9 GTX 1080Ti 2048 x 1024 104 11.8M
SwiftNetRN-18-ens [21] - 76.5 18.4 GTX 1080Ti 2048 x 1024 218 24.7M
CABINet [22] 76.6 75.9 76.5 RTX 2080Ti 2048 x 1024 12 2.64M
BiSeNet (Res18) [23] 74.8 74.7 65.5 GTX 1080Ti 1536 <768 55.3 49M
BiSeNetV2-L [24] 75.8 75.3 47.3 GTX 1080Ti 1024 x512 118.5 -
PP-LiteSeg-T2 [25] 76.0 74.9 96.0 RTX 3090 1536 X768 - -
PP-LiteSeg-B2 [25] 78.2 71.5 68.2 RTX 3090 1536 <768 - -
HyperSeg-M [26] 76.2 75.8 59.1 RTX 3090 1024 x512 7.5 10.1M
HyperSeg-S [26] 78.2 78.1 457 RTX 3090 1536 <768 17.0 10.2M
PIDNet-S [27] 78.8 78.6 93.2 RTX 3090 2048 x 1024 46.3 7.6M
PIDNet-M [27] 80.1 80.1 39.8 RTX 3090 2048 x 1024 197.4 34.4M
ESSNL-48 (Ours) 77.8 77.3 36.7 RTX 3090 2048 x 1024 183.5 4.8M
ESSNL-72 (Ours) 80.7 80.5 27.8 RTX 3090 2048 x 1024 263.7 7.0M
ESSNL-84 (Ours) 81.3 81.2 22.3 RTX 3090 2048 x 1024 304.5 8.1IM

Input Image ~ GCMA[9] MGCDA[10]  DANNet[34]  DANIA[35]  ESSNL(Ours) Semantic GT

Fig. 5: Visualization comparison of our ESSNL with existing SOTA methods on four samples from Nighttime-Driving-test.

following datasets are used for model training and perfor-  pixel-level annotations of a total of 19 categories.

mance evaluation: 2) Dark Zurich [10] consists of 2,416 nighttime images

1) Cityscapes [28] has fine annotations for 2,975 training  and 2,920 twilight images, which are all unlabeled with a
images, 500 validation images, and 1,525 test images. All  resolution of 1920 x 1080. It contains another 201 annotated
images are at a fixed resolution of 2048 x 1024 pixels with  nighttime images including 50 for validation (Dark-Zurich-
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TABLE II: The Per-Category mloU (%) on Dark Zurich-Test, where f

indicates that only the cityscapes dataset is used for

training.
= IS = K}
= .20 S Q
‘E‘ .%b ° o : g = g é’ 2
T & 2 = 8 =2 £ £ &5 EF . 2 5 . ¥ L, &£ £ &5
Method g 3 2 g 8 g g g S 2 % 2 B 5 g 2 g g 2 mloU
RefineNet [29] 68.8 233 46.8 20.8 12.6 29.8 304 269 43.1 143 03 369 497 63.6 6.8 02 240 336 93 28.5
PSPNet! [30] 782 19.0 512 155 106 303 289 220 56.7 133 208 382 218 521 1.6 0.0 532 232 107 28.8
AdziptSegNe{r [31] 86.1 442 551 222 48 21.1 56 167 372 84 1.2 359 267 682 451 00 532 232 107 28.5
ADVENT' [32] 858 379 555 277 145 231 140 21.1 321 8.7 20 399 166 640 138 00 588 28.5 207 29.7
BDL' [33] 853 41.1 619 327 174 206 114 213 294 89 1.1 374 221 632 282 00 477 394 157 30.8
DMAda [8] 755 29.1 48.6 213 143 343 368 299 494 138 04 433 502 694 184 00 276 349 119 32.1
GCMA [9] 81.7 469 588 220 200 412 405 416 648 31.0 32.1 535 475 755 392 00 49.6 30.7 21.0 42.0
MGCDA [10] 803 493 662 7.8 11.0 414 389 39.0 64.1 18.0 558 521 535 747 660 0.0 375 29.1 227 42.5
DANNet (RefineNet) [34] 90.0 540 748 41.0 21.1 250 268 302 720 262 840 470 339 682 190 03 664 383 236 443
DANNet (PSPNet) [34] 904 60.1 71.0 33.6 229 30.6 343 337 705 31.8 802 457 416 674 168 00 73.0 31.6 229 452
DANIA (RefineNet) [35] 90.8 59.7 73.7 399 263 36.7 338 324 705 321 851 430 422 728 134 00 71.6 489 239 47.2
DANIA (PSPNet) [35] 91.5 627 739 399 257 365 357 362 714 353 822 480 449 737 113 0.1 643 36.7 227 47.0
ESSNL-84 (Ours) 922 61.6 720 359 353 59.6 584 527 600 238 680 645 695 864 11.8 21.7 781 53.1 324 54.6

val) and 151 for testing (Dark-Zurich-test).

3) Nighttime Driving [8] contains 50 nighttime images of
resolution 1920 x 1080 from diverse visual scenes. All these
50 images have been annotated at the pixel level using the
same 19 Cityscapes category labels.

Note that Dark-Zurich-test and Cityscapes-test serve as
online benchmarks whose ground truths are not publicly
available. For our experiments, we submit the segmentation
results to the evaluation website of these datasets and sub-
sequently obtain ESSNL’s performance metrics.

3.2 Experimental Settings

Since ESSNL requires a labeled dataset and supervised
training. 1) For Cityscapes testing, we utilize the provided
trainning and validation set for training. 2) For Dark Zurich
testing, we face challenges due to the limited number of
annotated semantic segmentation datasets under low-light
conditions. Given the inability to extract the model’s opti-
mal performance under low-light using only Cityscapes, we
supplement the Cityscapes training and validation sets with
Dark-Zurich-val and Nighttime-test at a 4:1 ratio. Follow-
ing this, we conducted ESSNL training. 3) For Nighttime
Driving testing, we use Cityscapes and supplemented Dark-
Zurich-val for its training.

All the training in the experiments is carried out on a
desktop with four NVIDIA RTX3090 graphics cards, each
with 24G memory capacity on the Ubuntu system. We use
the dual closed-loop training strategy introduced in Sec. II.
We employ the SGD optimizer with a momentum of 0.9
and a weight decay of 5 x 10~%. For each model, we utilize
the original image size of 2048 x 1024 as input, with an
initial learning rate set to 10~% and momentum fixed at 0.9.
Additionally, we apply random cropping with a crop size
of 512, within the scale range of 0.5 to 1.0, and random
horizontal flipping. The batch size for training is set at 32,
and the total iteration count is 50000.

3.3 Comparison With State-of-the-Art Methods

We first compare ESSNL with existing SOTA methods

in real-time semantic segmentation via Cityscapes-Test, as

reported in Table 1. All of the three versions of ESSNL out-
perform the others. Since HGC selects a grouping dimension
of 3, it utilize the least parameter increment to expand the
receptive field, thus achieving a trade-off between accuracy
and speed. Similar to these methods, ESSNL achieves real-
time (30FPS) performance.

We next compare ESSNL with existing SOTA methods
in semantic segmentation under low-light scenes via Dark-
Zurich-test. As reported in Table II, ESSNL demonstrates
the highest segmentation accuracy. Specifically, it surpasses
MGCDA [10], DANNet [34], and DANIA [35], by 28.47%,
20.80%, and 15.68%, respectively, which is very significant.
It achieves the highest accuracy across 12 out of 19 cate-
gories, including background categories like road surfaces,
where there’s a modest accuracy increase of 1.54% over
DANIA [35]. Notably, in segmenting small targets like poles,
pedestrians, and cars, it shows significant improvements of
63.30%, 34.38%, and 17.23%, respectively, over DANIA
[35]. The expanded receptive field gradient of HGC can be
the main reason for enhancing the segmentation accuracy of
small object. Additionally, DCBM algorithm enables ESSNL
to enhance the illuminated features of low-light images
before decoding them, thus improving its segmentation ac-
curacy under low-light scenes.

We finally compare ESSNL with SOTA methods via
Nighttime-Driving-Test, as reported in Table V. In Fig. 4,
we can observe that ESSNL significantly enhances road
alignment accuracy with the semantic GT in rows 2 and
4 when compared to other methods. Rows 2, 3, and 4
show its accurate segmentation of traffic light and pole. In
row 2, only ESSNL achieves the segmentation of building
among these methods. It demonstrates minimal erroneously
predicted pixels inside each classified area, which can be
attributed to its masks-based decoder instead of pixel-based
one.

3.4 Ablation Study

1) Adaptability to low-light images. To further reveal

the capabilities of DCBM, we compare ESSNL that solely
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TABLE III: Results of ESSNL with different layers tested on
Cityscapes-val, where 7 represents the number of processed

TABLE V: Hyperparameter sensitivity for Loss Weights in
(6) on Dark-Zurich-val.

frames per second on a single NVIDIA 3090 graphics card Weights mloU
Model n GFLOPs Params mloU iloU T B1, B2, Bz =1,1,1 15.70
B1, Ba, B3 = 0.1, 1, 1 4223

ESSNL-48 6 183.5 4.8M 77.8 570 367 Bi. B2, Ba =11, 1 17.09
ESSNL-60 10 2237 5.9M 79.5 584 320 B1, B2, B3 = 0.1, 1,0.1 45.37
ESSNL-72 14 264.5 7.0M 80.7 59.1 27.8 B1, B2, Bz =001, 1, 0.1 4385
ESSNL-84 18 305.1 8.1IM 81.3 59.8 22.3 B1, Bz, Bs = 0.1, 1, 0.01 44.02
ESSNL-96 22 3453 9.2M 814 597 189 B1, Bz, B3 = 0.01, 1, 0.01 25.27

TABLE IV: Ablation Study on ESSNL on Dark-Zurich-val,
where T represents methods used only Cityscapes for training

Method mloU
DANIA [35] 38.14
PIDNet-MT [27] 23.43
HyperSeg-ST [26] 24.65
ESSNL (Ours) 36.25
ESSNL (Ours) 45.37
w/o Any HGC unit 41.81
w/o First 1/2 HGC units 42.25
w/o Last 1/2 HGC units 44.54
w/o Inner loop 28.60
w/o Dark Zurich -Train 44.03
w/o Nighttime Driving -Train 43.67
w/o Dark Zurich & Nighttime Driving -Train (on Dark-Zurich-test) 37.82
w/o Cityscapes -Train (on Dark-Zurich-test) 31.17

employs DCBM without HGC to other SOTA networks.
All these networks are trained solely on Cityscapes, and
then tested on Cityscapes-val and Dark-Zurich-val. Although
these compared networks exhibit high segmentation per-
formance on Cityscapes-val, their segmentation accuracy
on Dark-Zurich-val significantly lags behind ESSNL, as
reported in Table IV. In contrast, DCBM makes our ESSNL
realize the synergy between a shallow illumination enhanced
network and deep segmentation network, thus showing the
segmentation adaptability under low-light conditions. The vi-
sualization in Fig. 4 illustrates ESSNL’s superior adaptability
to low-light environments over other networks. It demon-
strates erroneously predicted pixels inside each classified
area and the highest matching rate with the semantic GT.

2) Network Architecture. We performed experiments using
various layers in ESSNL and evaluated their performance on
the Cityscapes-val, as reported in Table III. Upon reaching
84 layers, we observed an increase in parameters, a drop in
segmentation speed, and minimal accuracy enhancement. We
thus selected ESSNL-84 as our optimal choice. Additionally,
we investigated the effectiveness of HGC units by substitut-
ing them partially or completely with standard convolutions,
yielding results outlined in Table IV. It demonstrates that
HGC can improve the segmentation accuracy of ESSNL,
especially when implemented in its shallow layers.

3) Training Strategy. To validate the efficacy of the pro-
posed dual closed-loop loss optimization, we conduct train-
ing exclusively by using the outer loop, without involving
the inner one. Additionally, we explore different training
datasets, including using the Cityscapes only, incorporating
labeled samples from only Dark-Zurich-val or Nighttime-
Driving-test. The results in Fig. 5 indicate that training
ESSNL with Cityscapes supplemented with other annotated

TABLE VI: mloU (%) results on Nighttime-Driving-Test.

Model mloU
GCMA [9] 45.60
MGCDA [10] 49.40
DANNet(RefineNet) [34] 42.36
DANNet(PSPNet) [34] 4770
DANIA(RefineNet) [35] 45.65
DANIA(PSPNet) [35] 48.38
ESSNL-48(Ours) 51.20
ESSNL-72(Ours) 53.14
ESSNL-84(Ours) 54.28

dataset in low-light scenes can improve its segmentation
accuracy. However, when training without Cityscapes, the
performance of ESSNL on Dark-Zurich-val is significantly
reduced, which may be due to the limited number of training
sets. It showcases the advantage of ESSNL, which can be
trained using existing datasets captured under day-light con-
ditions and demonstrates adaptability for low-light scenes.

4) Hyperparameter. To learn the sensitivity of our method
to the choice of hyperparameters, we study the different
choices of weights in (7) as shown in Table V. Due to the
significant difference in loss magnitude between the shallow
IE network’s inner loop (L) and the network’s outer loop
Dice loss (L3), we aimed to balance this by assigning smaller
weights (51 and (3) compared to 8. We found that setting
all weights to 0.1 achieved the highest testing accuracy.

IV. CONCLUSION

In this work, we introduce an End-to-end Semantic Seg-
mentation Network for Low-light scenes (ESSNL). It ad-
dresses the challenge faced by existing low-light semantic
segmentation methods that require the separate training of
two models and thus result in performance disparities and a
complex training process in practical applications [36]-[38].
Specifically, we propose HGC units to enhance the network’s
edge feature extraction capabilities, and DCBM to achieve
end-to-end training for both illumination enhanced shallow
network and deep semantic segmentation network. Tests on
public datasets demonstrate that the segmentation accuracy
of ESSNL well exceeds that of existing SOTA methods.

Despite being lightweight, HGC significantly increases
time complexity over conventional convolution. Additionally,
the limited availability of labeled semantic segmentation
datasets for low-light scenes results in an imbalanced dis-
tribution of samples in our training set between dark and
bright conditions. ESSNL thus may not have achieved its
optimal performance yet. Recently developed domain adap-
tation methods, e.g., [39]-[46], should be investigated to
address the limited labeled data issue.
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