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Abstract

Visual recognition in low-light environments remains a
challenging task, as detectors trained on well-lit data of-
ten fail under poor visibility, low contrast, and severe il-
lumination shifts. To overcome this, we present BRNet,
a biologically inspired detector that adaptively modulates
feature extraction in response to ambient brightness. The
core component of BRNet is the Photo Receptor module,
which emulates retinal rod and cone cells to adaptively ex-
tract contrast-sensitive or semantic features depending on
brightness levels. We derive a luminance-based dark-level
estimation function grounded in mesopic vision theory to
pseudo-label brightness levels, guiding the dynamic activa-
tion of the Rod and Cone pathways. To prevent interference
between detection and auxiliary tasks such as reflectance
and darkness prediction, we introduce a Semi Orthogonal
Loss that selectively decorrelates overlapping feature sub-
spaces while preserving shared semantics. BRNet achieves
strong generalization on DARK FACE and ExDark under a
zero-shot day-to-night adaptation setting, without requiring
image enhancement or retraining. The code is available at
https://github.com/iontail/BRNet.git.

1. Introduction

Object detection in low-light conditions remains a fun-
damental challenge in computer vision. Models trained on
standard datasets often fail to generalize under poor illumi-
nation, where low contrast, noise, and extreme lighting vari-
ations obscure object boundaries and degrade feature repre-
sentations. These failures are not solely due to data scarcity
but also because existing detectors are not inherently de-
signed to adapt across diverse illumination scenarios.

Traditional approaches have attempted to resolve this is-
sue through image enhancement techniques [8, 38], lever-
aging Retinex theory or curve estimation to improve visual
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quality. Others employ unsupervised domain adaptation
(UDA) [18,40], aiming to bridge the gap between day and
night domains by translating appearance or aligning fea-
tures. However, both strategies are limited: enhancement
methods often neglect task-specific objectives like detection
accuracy, while domain adaptation methods struggle with
generalization across real-world lighting variability.

To move beyond these limitations, we draw inspiration
from the biological visual system. In particular, the retina
dynamically balances rod and cone cell activations to han-
dle extreme luminance variation. Motivated by this mecha-
nism, we propose BRNet (Bio-Receptor Network), a novel
object detector designed to adaptively extract illumination-
aware features. At its core is the Photo Receptor module,
composed of Rod and Cone blocks. The Rod block fo-
cuses on extracting contrast-sensitive features under dark-
ness using a Gain module, a Tapetum-inspired structure,
and deformable convolution. The Cone block operates in
brighter conditions to capture spatial semantics. A biolog-
ically motivated dark-level function, based on mesopic lu-
minance theory, modulates the balance between these two
pathways depending on the brightness of the input.

To further improve robustness and mitigate task inter-
ference, we introduce a Semi Orthogonal Loss. This
feature-level regularization partial disentangles shared rep-
resentations between the main detection task and auxiliary
branches (e.g., reflectance or brightness estimation). By
avoiding full orthogonal constraints, it maintains useful se-
mantic overlap while reducing harmful entanglement.

Our proposed BRNet operates effectively without ex-
plicit image enhancement or additional nighttime supervi-
sion. It achieves strong generalization from day to night and
across variable lighting conditions, demonstrating that bio-
logically inspired architectures, when combined with care-
fully designed multi-task regularization, can significantly
improve low-light object detection. Our contributions are
summarized as follows:

* We propose BRNet, a biologically inspired object de-
tector that adaptively extracts contrast or semantic fea-
tures through photoreceptor-mimicking pathways.
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* We design a dark-level modulation function derived
from mesopic luminance theory to dynamically regu-
late Rod and Cone activations.

e We introduce a feature-level Semi Orthogonal Loss
to reduce task interference while preserving beneficial
feature sharing in a multi-branch architecture.

2. Related Work
2.1. Object Detection in the Low-Light Condition

Object detection under low-light condition has been a
challenging problem in many fields, due to its sparse in-
formation compared with well-lit condition. Thanks to the
improvement of deep learning, many methods tried to deal
with this low-light problems. According to the Retinex
theory [17], when the human visual system perceives a
scene, it does not recognize the absolute brightness at a spe-
cific location, but rather the relative brightness in compar-
ison to the surrounding areas. Reflectance and illumina-
tion is the components of an image, and many other works
[15,22,26,36,38,39,43] also applied techniques to make
improvement, using the characteristic of this theory. How-
ever, these researches couldn’t benefit the understanding of
the images.

One another approach to improving low-light object de-
tection performance was to enhance the images fed into the
detection algorithm. Wei et al. [38] adopted deep learning
image enhancement based on Retinex theory. Enlighten-
GAN [14] introduced GAN architecture to deal with var-
ious unpaired real images, and Zero-DCE [8] focused on
curve estimation based unsupervised learning. In addi-
tion, many other image enhancement studies have been con-
ducted [1,27,32,46]. More recently, various approaches
have been explored to improve distinctive features relevant
to object detection, rather than just enhancing the image it-
self [10,12,28,41,45]. PE-YOLO [45] combines PENet
with YOLOvV3 [31], which can extract the feature of var-
ious resolution effectively. FeatEnhancer [10] proposed a
method that enhances the representation of low-light im-
ages by hierarchically integrating multi-scale features and
learning through task-related loss functions.

Meanwhile, there have been proposed several dataset
with low-light object detection task. With other normal
condition image datasets [13,21,42], Neumann et al. [29]
suggested Nightowls, which includes various pedestrian im-
ages in night environment. Loh et al. [24] introduced the
ExDark dataset, consisting of 7,363 images captured un-
der varying low-light conditions ranging from very dark to
twilight, annotated with 12 object categories. While such
datasets are well-suited for evaluating object detection un-
der challenging illumination, they lack coverage of well-
lit scenarios, limiting their applicability in models targeting
broader lighting conditions.

2.2. Domain Adaptation

An alternative direction to address the data scarcity prob-
lem in low-light detection is unsupervised domain adapta-
tion(UDA) from day to night. Instead of collecting large
annotated night datasets, UDA methods train on labeled
daytime images and adapt the detector to unlabeled night-
time images. Early attempts used image-level style trans-
fer to generate synthetic nighttime training data from day-
time photos, enabling the detector to see “night-like” im-
agery during training. More advanced techniques employed
feature-level adaptation and self-training. For example, Cy-
cle GAN variants and style transfer were used to preserve
object identity during translation [40], and teacher-student
frameworks with consistency losses were applied to gradu-
ally adapt detectors to dark conditions.

Extending beyond UDA, zero-shot day-to-night adapta-
tion has also been explored, where a model trained solely on
day images is adapted without seeing any real dark images
at all. Lengyel et al. [18] introduced a physics prior-based
zero-shot adaptation.

These domain adaptation strategies have significantly re-
duced the reliance on curated low-light datasets by leverag-
ing abundant daytime data and unlabeled nighttime images,
or even synthetic images generated through physical sim-
ulation. Despite these advances, a noticeable performance
gap remains between adaptation-based approaches and fully
supervised models, highlighting the need for continued re-
search to more effectively bridge the day-to-night domain

gap.

2.3. Multi-Task Learning and Representation En-
tanglement

Multi-task learning can enhance model performance by
incorporating auxiliary prediction branches. However, it
also poses the risk of representation entanglement, where
shared layers become dominated by auxiliary task seman-
tics, ultimately hindering the optimization of the primary
task.

To address this issue, DMTRL [44] models inter-task re-
lationships through tensor factorization, enabling soft pa-
rameter sharing in a data-driven manner. MTAN [23] in-
troduces task-specific attention masks over a shared back-
bone, allowing each task to focus on relevant features and
reduce interference. MAET [3] proposes an orthogonal loss
to decorrelate task-specific gradients, motivated by the high
entanglement risk when predicting multiple degradation pa-
rameters simultaneously. In contrast, DAI-Net [6] does not
apply disentanglement strategies, since it only includes re-
flectance prediction in the auxiliary branch. As a result, the
risk of feature interference is relatively low.

Building upon these insights, we design a tailored reg-
ularization strategy for our architecture, which includes
an additional dark-level prediction branch beyond the re-



Figure 1. Overall architecture of BRNet. The network predicts reflectance and dark-level values through separate branches, supervised by
labels generated from the Dark ISP module [3]. These predictions guide the Photo Receptor blocks to extract features that are robust to
domain shifts between low-light and well-lit conditions. Final detection is performed by a DSFD-based head.
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flectance estimation employed in DAI-Net. This added
complexity raises the risk of task interference and repre-
sentational entanglement, making naive parameter sharing
suboptimal. To address this, we introduce a Semi Orthog-
onal Loss that selectively enforces orthogonality between
task-specific feature subspaces, rather than across the entire
representation space.

This partial disentanglement ensures that task-specific
representations do not interfere destructively, while shared
components are still co-learned effectively. Combined with
biologically inspired modulation in our Photo Receptor
blocks, this formulation enables the model to retain seman-
tic alignment across tasks while enhancing robustness under
diverse lighting conditions.

3. Method
3.1. Overall Architecture

We propose a domain-adaptive object detection frame-
work tailored for both low-light and well-lit environments.
As illustrated in Figure 1, the model consists of three main
components: a Dark ISP module, a set of Photo Recep-
tor blocks, and a DSFD-based detection head. The Dark
ISP module generates pseudo-labels for reflectance, which
are used to supervise one auxiliary branch. In addition,
we introduce a dark-level estimation function that provides
pseudo-labels for illumination levels based on mesopic lu-
minance theory. These dark-level values supervise the sec-
ond auxiliary branch and are used to modulate the activation
of the Photo Receptor blocks. The Photo Receptor blocks,
composed of Rod and Cone sub-blocks, adaptively extract
either high-frequency contrast or low-frequency semantic
features depending on the predicted dark-level. This biolog-
ically inspired modulation allows the model to extract ro-
bust representations across diverse lighting conditions. Fi-
nally, the DSFD-based detection head performs object lo-

calization and classification using the adaptively processed
feature maps.

3.2. Photoreceptor Block

To achieve the main objective of dynamically regulat-
ing the activation levels of photoreceptor cells, the pre-
dicted dark-level value is used within the Photo Receptor
blocks. Each Photo Receptor block is composed of two dis-
tinct components: the Rod block and the Cone block. The
Rod block is designed to detect fine details and contrast in
environments with low illumination, while the Cone block
focuses on extracting broader spatial features under bright
lighting conditions.

The Cone block consists of several standard convolution
layers. In comparison, the Rod block employs a more elab-
orate architecture because extracting meaningful informa-
tion from dark regions is significantly more challenging.
Drawing inspiration from the biological visual systems of
animals—such as owls, cats, and humans, which have ap-
proximately 300 times, 120 times, and 15 times more rod
cells than cone cells [4], respectively -we allocate a greater
number of parameters to the Rod block. This block in-
cludes three key components: the Gain module, the Tape-
tum module, and a deformable convolutional layer referred
to as DCNv3 [37] as shown in Figure 2.

The Gain module intensifies input signals by adding
them to the residual connection [11]. This design ampli-
fies specific feature channels, enabling subsequent blocks to
better capture high-frequency information. In parallel, the
Tapetum module mimics the tapetum lucidum, a biological
structure that reflects light behind the retina, allowing rod
cells to detect more photons. The Tapetum module receives
the predicted reflectance values from the auxiliary branch
and further amplifies the input signals, as reflectance infor-
mation is critical for object detection in low-light environ-
ments based on Retinex Theory.



Figure 2. Structure of the Rod block in the Photo Receptor block.
It consists of a Gain block, Tapetum block, and DCNv3. The plus
symbol (+) denotes element-wise summation.
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Following these modules, the deformable convolution
affiliation layer [5, 35, 37] aims to extract high frequency
details. While conventional convolutional neural networks
(CNNs) rely on fixed kernel sampling grids, which con-
strain their receptive fields to rigid and grid aligned patterns,
deformable convolutions introduce learnable offsets that en-
able adaptive spatial sampling. This flexibility allows the
network to attend to structures that are not aligned to the
grid and are spatially discontinuous [5], which is particu-
larly important under poor lighting conditions and when im-
ages suffer from degradation. As a result, deformable con-
volutions enhance the model’s ability to capture fine grained
information by relaxing locality constraints and enabling
sampling behavior that is invariant to geometric transfor-
mations. Furthermore, motivated by the finding that the
residual learning mechanism facilitates the model’s ability
to capture high frequency components [20], a residual con-
nection is incorporated into the DCNv3 structure.

To disentangle the representations between the photore-
ceptor block and the dark-level prediction branch, we ap-
ply PyTorch’s detach operation to block gradient flow from
the dark-level outputs to the layers following the branch-
ing point in the main network. This prevents the dark-level
prediction from interfering with the feature learning process
in the photoreceptor block, thereby preserving task-specific
representations.

3.3. Semi Orthogonal Loss

BRNet is designed to predict both reflectance and dark-
level values through auxiliary branches that complement the
main object detection task. While this multi-branch struc-
ture enhances the model’s ability to capture illumination-

aware representations, it also increases the risk of represen-
tation entanglement, where overlapping semantic represen-
tations across tasks may interfere with the optimization of
the primary task. Applying full orthogonal constraints be-
tween task-specific features may mitigate this interference,
but such strict disentanglement can be overly restrictive,
especially when auxiliary tasks share semantically aligned
cues with the main task.

To mitigate the adverse effects of representation entan-
glement while preserving the benefits of multi-task learn-
ing, we introduce Semi Orthogonal Loss, a selective regu-
larization strategy that balances disentanglement and task
synergy. Specifically, this loss constrains only a subset
of feature channels from each auxiliary task branch to be
orthogonal to those of the main detection task. Unlike a
full orthogonality constraint, which may eliminate useful
shared information, our approach selectively suppresses in-
terfering signals while retaining semantically aligned com-
ponents across tasks.

Originally, the semi orthogonal loss was implemented by
comparing the gradients of encoder representations across
tasks as in [3]:
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However, this gradient-level approach has three key lim-
itations. First, gradient-based comparisons can be unsta-
ble in deep multi-branch networks, especially when inter-
nal backpropagation paths differ in complexity or dynamics.
Second, gradients are not available during inference, which
prevents us from verifying the persistence of disentangle-
ment. Lastly, gradient hooking imposes additional memory
and computational overhead during training.

To address these issues, we adopt a feature-level formu-
lation of the Semi Orthogonal Loss, where latent represen-
tations are directly compared via cosine similarity. This al-
ternative offers several advantages over the gradient-based
formulation. First, it provides more direct control over the
dissimilarity between task-specific representations. While
gradient-level orthogonality merely regularizes the learning
signal, feature-level loss explicitly encourages the learned
features themselves to occupy distinct subspaces, thereby
improving semantic disentanglement. Second, computing
cosine similarity between features during the forward pass
improves training stability, as it avoids the noise and vari-
ance often introduced by gradients. Finally, this approach
aligns with recent findings in the literature: methods such as
BiaSwap [16], BendVLM [7], and DeCLIP [33] have shown
that enforcing decorrelation or orthogonality at the feature



level is an effective and practical way to promote disentan-
gled representations in multi-task and self-supervised learn-
ing settings.

Given that our encoder features typically have smaller
dimensionality than decoder outputs (e.g., DSFD head),
we constrain only the minimum dimensional subset be-
tween tasks. Formally, let £, for; € RP*P be the aux-
iliary and main task features respectively, and let D’ =
min(Dayx, Dovj) be the comparison between subset of di-
mensions. The feature-level semi orthogonal loss is defined
as:

aux obj

+ Asortem <|:1 — COS <fa(£l), fa(ue/)) :| )

D’ D’
+ {1 — cos (fo(bj ), f(fbj )) ])

Here, the first term penalizes alignment between the aux-
iliary and main task features to encourage orthogonality
across tasks. The second term promotes self-consistency
within each feature set by maximizing their intra-feature co-
sine similarity. Ao and Agor.m are weighting coefficients
that balance inter-task separation and intra-task cohesion.

cos(+, ) denotes the mean cosine similarity across the
first D’ dimensions of the flattened feature vectors within
each mini-batch. This formulation ensures that only the
overlapping subspace between two representations is reg-
ularized, allowing the model to learn disentangled yet com-
plementary task representations, and avoids the instability
typically associated with gradient-level regularization.

Ls-ort = Asort * COS (f(Dl)7 f(D ))

3.4. Dark-Level Function: To quantify illuminance
levels

To regulate the activation of the Rod and Cone blocks,
it is necessary to estimate the darkness level of the current
environment. However, simply using luminance as a proxy
for darkness fails to account for the properties of rod cells,
which do not become fully saturated and remain slightly re-
sponsive even under high-light conditions to detect contrast
[34]. Therefore, it is essential to develop a more appropriate
formulation for estimating the darkness level. The darkness
level should be a continuous value in the range (0, 1) to rep-
resent the relative activation of photoreceptor cells. Under
this condition, the darkness level can be interpreted as the
probability of rod cell or cone cell activation. In deep learn-
ing frameworks, the sigmoid function is commonly used to
convert logits into probability-like values. Thus, we formu-
late the darkness level using a sigmoid-based approach to
reflect this probabilistic interpretation.

The formulation adopts a sigmoid-based structure to
align with the probability-like representation (Equation 3).

Figure 3. Comparison of dark-level formulations. The green dot-
ted line corresponds to the exponential-based formulation in Equa-
tion 7, mapped onto the 0-255 brightness range. The blue solid
and orange dash-dotted lines represent the sigmoid-based formu-
lation in Equation 3 with & = 0.07 and o« = 0.007, respectively.
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Since rod cells become saturated briefly when transition-
ing to high-light environments and subsequently recover to
approximately 10-15% of their activation [34], the scaling
factor 7 is set to 0.9. This setting ensures that rod cells
remain at least 10% active even under high luminance con-
ditions.

1

Dark-LeVel(.’,C) =7 X m

3)

As the formulation is scaled, the turning point at which
the dark-level value equals 0.5 must be adjusted. This turn-
ing point represents the balance point between rod and cone
activation and is commonly referred to as mesopic lumi-
nance [30]. Since the input image is gamma-corrected,
its luminance must be interpreted in the RGB color space.
Based on Equations 4-6, the mesopic luminance corre-
sponds to a pixel value of approximately 107 when v = 2.2,
which equates to a relative luminance of 0.15.

1/~
pixel value = < > X 255 @
max
= (0.15)1/22 x 255 (5)
~ 107 (6)

To determine the optimal value of «, the formulation is
derived from the relative cone activation weight Weoge as
proposed in [30]. The original expression (Equation 7) is
transformed into a sigmoid-like form using the logarithmic
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Given the hypothesis that Equation 3 resembles Equa-
tion 11, the parameter o can be estimated by taking the
derivative of each equation with respect to x. By equating
the centers of activation, where both functions reach a value
of 0.3, the relationship a(x — 8) ~ k(In M — In(c - x)) is
established. Assuming K = 0.75 as in [30] and § = 107
calculated in Equation 6, the value of « is approximated as
0.0071.
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However, the dark-level function with o = 0.007 ex-
hibits a slope that is too shallow, as it fails to produce
output values approaching 0 and 0.9 when the input pixel
values tend toward the lower and upper extremes of the
range, respectively (see Figure 3). To address this limita-
tion, the value of o was scaled by a factor of 10, result-
ing in o = 0.07. This practical adjustment is in line with
strategies adopted in prior enhancement methods such as
LIME [9], where regularization weights or gamma values
are empirically tuned for perceptual quality. Based on this

modification, the dataset was labeled using the adjusted for-
mulation, and BRNet was trained on them. The final dark-
level formulation is given as follows:

1

Dark-Level(z) = 0.9 x T e 007109

(18)

4. Experiments
4.1. Experimental Setup
4.1.1 Datasets

We evaluate our method on three public datasets with vary-
ing illumination conditions:

WIDER FACE [42] is a large-scale face detection
benchmark containing 32,203 images and 393,703 labeled
faces under diverse conditions, including variations in pose,
scale, and occlusion. It serves as the source domain for gen-
eral face detection.

DARK FACE [2] consists of 6,000 real-world nighttime
images designed for face detection under extremely low-
light conditions. We use it as the target domain for both
zero-shot and supervised evaluations.

ExDark [24] contains 7,363 images captured in vari-
ous dark environments such as streets, tunnels, and indoor
scenes. Although not limited to face detection, it provides
object-level annotations including a face class. We use Ex-
Dark to assess model robustness in diverse low-light scenar-
ios.

Together, these datasets provide a comprehensive bench-
mark for evaluating cross-domain generalization and low-
light detection performance.

4.1.2 Maetric

To evaluate detection performance and domain robustness,
we use the widely adopted object detection metric: mean
Average Precision (mAP) at an Intersection over Union
(IoU) threshold of 0.5, denoted as mAP@0.5.

Average Precision (AP) measures the area under the
precision-recall curve for a given class. A prediction is con-
sidered correct if the predicted bounding box has an IoU of
at least 0.5 with the ground truth box. Precision and recall
are computed by comparing predicted boxes to the anno-
tated ground truth. The IoU is defined as:

Area of Overlap
fol = Area of Union

mAP@0.5 is obtained by averaging the AP across all ob-
ject categories (in our case, primarily faces) with the ToU
threshold fixed at 0.5. This metric reflects both localization
accuracy and classification confidence, and is particularly
important under low-light conditions where object bound-
aries may be unclear.



4.1.3 Evaluation Settings

We evaluate BRNet under two settings:

Zero-shot: The model is trained only on the WIDER
FACE dataset and evaluated on a subset of 600 images
randomly sampled from the DARK FACE validation set,
since the official test set is no longer available for sub-
mission. This setting measures cross-domain generalization
from bright to dark conditions, simulating practical scenar-
ios where labeled low-light data is unavailable.

Fully-supervised: The model is fine-tuned on the labeled
training split of DARK FACE and evaluated on the same
600-image validation subset. This setting reflects upper-
bound performance when full supervision in the target do-
main is available.

4.2. Implementation Details

We trained BRNet using various data augmenta-
tion techniques, including photometric distortion, spa-
tial transformations, random cropping, horizontal flipping,
and interpolation-based resizing, with the augmentation
strength set to 0.5. The model was optimized using SGD
with a momentum of 0.9, weight decay of 5e~%, and an
initial learning rate of 5e~*, which was linearly decayed
throughout training. As shown in Section 3.4. The dark-
level function parameters «, 3, and 7 were set to 0.06, 110,
and 0.9, respectively. All experiments were conducted on
an NVIDIA RTX A6000 GPU (48GB) with a batch size of
4, and the training was run for 100 epochs.

4.3. Results on DARK FACE

To evaluate the effectiveness of our proposed BRNet in
low-light conditions, we conducted extensive experiments
on the DARK FACE benchmark under three different set-
tings: zero-shot adaptation, fully supervised learning with
labeled dark data, and pretrained and tuned, where low-light
preprocessing and pretrained models are used. The detailed
results are presented in Table 1.

4.3.1 Zero-shot Adaptation

In the zero-shot adaptation setting, models are trained only
on the WIDER FACE dataset and evaluated on the DARK
FACE test split, so it never sees genuine dark images during
training. Instead, we employ the non-deep method, DARK
ISP, to generate synthetic dark counterparts of original im-
ages. This setting assesses the generalization capacity un-
der domain shift, well-lit to low-light conditions. As seen
in the Table 1, CIConv [18], Sim-MinMax [25], DAI-Net
[6] achieved performance of 18.4, 25.7, 28.0 mAP, respec-
tively. In contrast, BRNet(ours) demonstrated remarkable
zero-shot generalization, achieving ? mAP, outperforming
DAI-Net by ?. This result proves that our model effec-
tively bridges the domain gap between high-visibility and

Table 1. Performance comparison under various training and adap-
tation settings on the DARK FACE validation set.

Category Method ‘ mAP(%)
WIDER FACE — DARK FACE validation set using DSFD
CIConv [ 18] 18.4
. Sim-MinMax [25] 25.7
Zero-shot Adaptation DALNet [6] 73,0
BRNet (Ours) -
Fine-tuned DSFD [19] 46.0
Fully Supervised Fine-tuned DAI-Net [6] 52.9

Fine-tuned BRNet -
COCO — DARK FACE validation set using YOLOvV3

YOLOn 48.3

YOLOnN+MBLLEN [26] 51.6

YOLOnN+KIND [46] 51.6

Pretrained and Tuning zglflgj\ﬁZero-DCE 4] 23(2)
L .

MAET [3] 55.8

DAI-Net [6] 57.0
BRNet (Ours) -

low-visibility environments via a combination of dynamic
luminance-sensitive encoding and structured architectural
components. In particular, the proposed weighted combi-
nation of the Rod and Cone path using dark-level allows the
network to contribute significantly better performance, as it
allows the model to selectively emphasize high-frequency
or contrast-preserving features based on the image’s dark-
ness.

4.3.2 Fully Supervised

In the fully supervised setting, models are fine-tuned using
annotated samples from the DARK FACE training dataset.
This configuration reflects performance under optimal data
availability for the target domain. A baseline fine-tuned
DSFD detector records 46.0 mAP, and fine-tuned DAI-Net
reaches 52.9 mAP. After fine-tuning BRNet on the DARK
FACE dataset, our model achieves ? mAP, beating DSFD
by ? mAP points and DAI-Net by ? mAP points. In this
case, our model shows improved results compared with its
zero-shot setting(? mAP), which demonstrates that BRNet
not only exhibits strong generalization without supervision,
but also efficiently incorporates target-domain cues when
domain labels are available.

4.3.3 Pretrained and Tuning

In the pretrained and tuning setting, we evaluate models on
the DARK FACE validation set using detectors pretrained
on COCO. Here, YOLOy refers to a standard YOLOv3



Table 2. Comparison with state of the art on ExDark.

Method Bicycle Boat Bottle Bus Car Cat Chair Cup Dog Motorbike People Table Total
YOLOxN 71.8 645 639 81.6 768 554 497 568 63.8 61.8 65.7 40.5 62.7
+KinD [46] 73.4 68.1 65.5 862 783 63.0 569 6277 682 67.1 69.6 482 673
+Zero-DCE [§] 79.5 713 704 89.0 80.7 684 657 68.6 754 67.2 76.2 51.1 72.0
YOLOy, 78.2 708 723 881 80.7 679 624 70.5 7438 69.4 75.8 509 71.6
MAET [3] 81.3 71.6 745 897 821 695 655 72,6 1754 72.7 77.4 533 74.0
DAI-Net [6] 83.8 75.8  75.1 942 841 749 731 792 822 76.4 80.7 59.8 78.3
BRNet(Ours) ‘ - - - - - - - - - - - - -

Table 3. Ablation study of proposed components (s-ort loss, gain
module, tapetum module, cone block) on DARK FACE.

Method | Gain Tapetum Cone Lot | mMAP(%)
A _ _ _ _ i,
B v - - - -
C v v - - -
D v v v - -
E v v v v -
F - v v v -
G - - v v -

model trained on normal-light images, while YOLOy, em-
ploys a larger backbone trained on synthetic low-light im-
ages generated via Dark ISP [6].

As shown in Table 1, YOLOy achieves 48.3 mAP, while
image enhancement methods such as MBLLEN, KIND, and
Zero-DCE improve performance up to 54.2 mAP. YOLOL
achieves 54.0 mAP, showing limited gains from increased
capacity. DAI-Net [6], which leverages domain adaptation
and synthetic low-light training, achieves the highest prior
score of 57.0 mAP.

In comparison, BRNet achieves ? mAP, surpassing all
previous approaches. Without relying on enhancement or
synthetic data, BRNet achieves robust performance through
its biologically grounded dual-path design and task-aware
regularization.

4.4. Cross-Evaluation on ExDark

To evaluate the generalization ability of BRNet under di-
verse low-light conditions, we conduct cross-dataset exper-
iments on the ExDark benchmark. Unlike DARK FACE,
which focuses primarily on pedestrian detection in urban
night scenes, ExDark includes 7,363 low-light images span-
ning 12 object categories and varying illumination levels
from extremely dark scenes. This setup enables evaluation
of the model’s robustness to unseen object types and light-

ing variations without additional fine-tuning.

As shown in Table 2, previous methods such as YOLO
with Zero-DCE, MAET, and DAI-Net achieved average
mAP scores of 72.0, 74.0, and 78.3, respectively. In com-
parison, BRNet achieves an mAP of ?, outperforming prior
approaches and demonstrating superior cross-domain gen-
eralization.

We attribute this performance to BRNet’s biologically
inspired Photo Receptor block and the use of semi-
orthogonal loss. The learned dark-level-aware weighting
of rod and cone pathways enables the model to extract
illumination-invariant features, maintaining high detection
accuracy even under extreme nighttime conditions and cat-
egory shifts.

4.5. Ablation Study

To evaluate the individual contribution of each proposed
component in BRNet, we conduct an ablation study under a
zero-shot adaptation setting from WIDER FACE to DARK
FACE. The components under investigation include the
Gain module, Tapetum module, Cone block, and Semi Or-
thogonal Loss, which are described in Sections 3.2 and 3.3.
We construct multiple variants of BRNet by incrementally
enabling these components and report their mAP scores in
Table 3.

Starting from the baseline (variant A), which excludes
all proposed modules, we observe that introducing the Gain
module (variant B) improves the model’s sensitivity to local
contrast in low-light regions by enhancing high-frequency
features. Adding the Tapetum module (variant C) further
boosts performance, as reflectance-aware signal amplifica-
tion is particularly effective under extremely dark condi-
tions. Incorporating the Cone block (variant D) enhances
the model’s ability to capture spatial semantics in relatively
brighter areas, improving robustness across a broad range
of illumination levels.

The addition of the Semi Orthogonal Loss (variant E)
leads to the highest performance, as it mitigates task inter-
ference between the main detection and auxiliary predic-



tion branches by selectively disentangling shared represen-
tations. This balance between feature separation and task
synergy enables the model to benefit from multi-task learn-
ing without sacrificing detection performance.

Finally, variants F and G remove the Gain or Tapetum
modules from the full model. This results in noticeable per-
formance degradation, confirming that both modules are es-
sential for extracting meaningful signals in low-illumination
environments. These results demonstrate that each compo-
nent contributes uniquely and complementarily to BRNet’s
performance. Their combined effect is key to achieving ro-
bust generalization under adverse lighting conditions.

5. Conclusion

We proposed BRNet, a low-light object detector inspired
by biological vision. The architecture mimics the struc-
ture of retinal photoreceptors. It separates processing into
Rod and Cone pathways, regulated by dark-level estima-
tion. The Rod block captures fine contrast and reflectance
cues through the Gain and Tapetum modules. Deformable
convolution further enhances the model’s ability to handle
spatial variations in low-light scenes.

We also introduced a Semi Orthogonal Loss to reduce
interference between tasks. This regularization preserves
task-specific representations while allowing synergy across
branches. Experiments on DARK FACE and ExDark show
that each module improves performance. Together, they
enable strong generalization without retraining. Our re-
sults highlight the effectiveness of combining biologically
grounded design with structured feature disentanglement
for robust low-light detection.
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