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Abstract

Enhancing the performance of semantic segmentation models
with multi-spectral images (RGB-IR) is crucial, particularly
for low-light and adverse environments. While multi-modal
fusion techniques aim to learn cross-modality features for
generating fused images or engage in knowledge distillation,
they often treat multi-modal and missing modality scenar-
ios as separate challenges, which is not an optimal approach.
To address this, a novel multi-modal fusion approach called
Optically-Guided Pixel-level contrastive learning Network
(OGP-Net) is proposed, which uses Distillation with Multi-
View Contrastive (DMC) and Distillation for Uni-modal Re-
tention (DUR) to maintain the correlation between modality-
shared and modality-specific features. DMC aligns the uni-
modal features by projecting the semantic information across
modalities into a unified latent space, ensuring that the feature
maps retain multi-modal representations. Pixel-level multi-
view contrastive learning is introduced to enable modality-
invariant representation learning. To retain modality-specific
information, DUR is proposed, which distills detailed tex-
tures from RGB images into the optical branch of OGP-Net.
Additionally, the Gated Spectral Unit (GSU) is integrated
into the framework to eliminate the need for manual tuning
and avoid forced feature alignment. Comprehensive experi-
ments show that OGP-Net outperforms state-of-the-art mod-
els in multi-modal and missing modality scenarios across
three public benchmarking datasets. It achieves quicker con-
vergence and learns efficiently from limited training samples.

Introduction

Recent advancements in scene parsing have achieved im-
pressive segmentation results (Udupa et al. 2024), but these
improvements are largely specific to RGB data (Sikdar et al.
2023). Enhancing models’ generalization under challeng-
ing conditions like low light, or overexposure, where infor-
mation contained in RGB images depreciates, remains cru-
cial. Infrared (IR) cameras are increasingly popular in low-
visibility conditions for their unique spectral information
and ability to penetrate dust and smoke (Gade and Moeslund
2014). However, deep-learning models often struggle with
IR images alone due to their lower semantic content com-
pared to optical images. With the rise of affordable IR sen-
sors, deep multimodal fusion (Valada, Mohan, and Burgard
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2020) has gained traction, combining RGB and IR modali-
ties (Ha et al. 2017; Kiitiik and Algan 2022) to improve se-
mantic segmentation and outperform unimodal approaches.
The primary focus is capturing shared information across
modalities while preserving each modality’s unique seman-
tic knowledge.

Multimodal systems observe the same object through
different imaging systems, where low frequencies capture
shared information and high frequencies highlight each
modality’s distinct features (Zhao et al. 2023a). For ex-
ample, RGB images reveal texture details, while IR im-
ages highlight thermal radiation. Fusion techniques for com-
bining RGB and IR modalities fall into two main cat-
egories: (1) Multi-Modal Image Fusion (MMIF) and (2)
Multi-Modal Feature-Level Fusion (MMFF). MMIF tech-
niques (Liu et al. 2022) focus on generating fused images
by modeling cross-modality features from different sensors.
A common pipeline using auto-encoders (Liang et al. 2022)
to fuse RGB and IR images often neglects modality-specific
high-frequency information (Sener and Koltun 2018; Liang
et al. 2021). CDDFuse (Zhao et al. 2023a) addresses this
by leveraging correlations between low and high frequen-
cies within the image space to constrain the solution space.
Despite the superior image quality metrics of MMIF mod-
els, these correlations are not fully explored during model
training, leading to performance degradation.

To deal with the MMIF model’s challenges in handling
missing modality scenarios, MMFF techniques involving (i)
feature-level fusion, and (ii) knowledge distillation are ex-
plored to align different sensor modality distributions in the
feature space. (i) Feature-level fusion techniques have been
proposed, as shown in Fig. 1(a), using separate encoders
for each modality (Wei, Luo, and Luo 2023), followed by
attention-based modules (Yu et al. 2020) leading to a sig-
nificant increase in parameters. However, they do not ex-
hibit superior performance compared to the parameter-free
feature exchange techniques (Wang et al. 2022). Channel
Exchange Network (Wang et al. 2022) facilitates message
passing in both encoders by dynamically exchanging chan-
nels to enable the integration of information. (ii) Knowledge
distillation techniques are being developed to transfer pixel-
level semantic information from RGB data to other modali-
ties. However, for modalities with substantial domain gaps,
directly aligning modality-specific features can lead to nega-



tive transfer due to the forced feature alignment (Kang et al.
2022). Most previous work treats the challenges of multi-
modal and missing modality issues as distinct and separate
problems.

To address this, we propose a novel Optically-Guided
Pixel-level contrastive learning Network (OGP-Net), which
distills knowledge from a pre-trained RGB model for multi-
modal segmentation. The correlation between modality-
shared and modality-specific features is managed in the fea-
ture space using the proposed Distillation with Multi-View
Contrastive (DMC) and Distillation for Unimodal Retention
(DUR). In OGP-Net, encoders use shared convolutional fil-
ters and distinct batch normalization layers to project rich
semantic knowledge from both modalities into a unified la-
tent space. DMC is a simple and self-adaptive mechanism
that enhances the correlation between modality-shared fea-
tures, generating multi-view feature maps. Pixel-level con-
trastive learning is then applied to these maps, aligning
RGB-IR features by contrasting similar and dissimilar sam-
ples, as shown in Fig. 1 (b). This approach improves the
model’s ability to effectively integrate and interpret infor-
mation from diverse sources. DUR manages the correla-
tion of high-frequency features by distilling knowledge to
the optical branch (RGB branch) of OGP-Net. The Gated
Spectral Unit (GSU) is introduced to integrate information
from RGB, IR, and fused predictions, enabling efficient
knowledge distillation. This leads to superior performance
in multi-modal and missing-modality scenarios while main-
taining similar model complexity to the baseline model. The
main contributions of this paper can be summarized as fol-
lows:

* We introduce OGP-Net, a novel multi-spectral seman-
tic segmentation network. This network utilizes pixel-
level optically-guided knowledge distillation to transfer
multi-level semantic features from RGB images to the
OGP-Net using Distillation with Multi-View Contrastive
(DMC) and Distillation for Uni-modal Retention (DUR).

* The framework employs a novel Distillation with Multi-
View Contrastive (DMC) strategy which balances intra-
and inter-modal semantic propagation. This approach
helps increase the constraints on the correlation of
modality-shared features using pixel-level multi-view
contrastive learning.

» Experimental evaluations on three public datasets show
that OGP-Net consistently outperforms state-of-the-art
models, including those for multimodal fusion and miss-
ing modality, particularly in challenging conditions like
low light and adverse weather.

* A feature reuse strategy is employed to maintain base-
line computational complexity while boosting perfor-
mance for infrared images (for missing-modality sce-
narios). Additionally, OGP-Net is designed to train ef-
fectively with limited co-registered RGB-IR datasets
and achieves fast convergence, making it suitable for
resource-constrained devices.
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Figure 1: Comparison between existing fusion techniques
(MMFF) and the proposed OGP-Net. Distillation with
Multi-View Contrastive (DMC) and Distillation for Uni-
modal Retention (DUR) are proposed to leverage modality-
shared and specific information.

Related Works

Deep multi-modal fusion aims to capture fine-grained de-
tails from multiple imaging sources to address uni-modal
defects (He 2024). MMIF methods aim to generate a fused
image that retains characteristics from both modalities.
CDDFuse (Zhao et al. 2023a) is one such approach, which
uses Restormer blocks to extract low-level features from
each modality. MMFF techniques can be broadly catego-
rized into aggregation-based and alignment-based fusion
techniques. Aggregation-based techniques use operators to
merge multi-modal images into a single network, as shown
in Fig. 1(a), often with attention-based modules. For in-
stance, the Cross-Modality Transformer (Qingyun, Dapeng,
and Zhaokui 2021) captures dependencies across data and
integrates global context. Recent methods (Zhang et al.
2023) further enhance this by using separate subnetworks
for each modality. MMA-Net (Wei, Luo, and Luo 2023)
introduces a framework where the teacher network trans-
fers comprehensive multimodal information to the deploy-
ment network, improving its ability to handle weaker modal-
ity combinations. Due to the scarcity of large-scale, co-
registered RGB-IR datasets, data-intensive deep learning
models face overfitting issues (He 2024). Alignment meth-
ods, like the Channel Exchanging Network (C.E.N) (Wang
et al. 2022), propose dynamically swapping channels be-
tween sub-networks for information fusion, which can re-
duce the discriminability of the fused features and poor per-
formance in scenarios with missing modalities.

Knowledge Distillation (KD) focuses on transferring
knowledge from a complex neural network to a smaller
model (Hinton, Vinyals, and Dean 2015), aiding deploy-
ment on resource-limited devices. Pixel-level distillation
techniques like Cross-Image Relational Knowledge Distil-
lation (CIRKD) (Yang et al. 2022) transfer structured pixel
and region relationships using a memory bank but requires
increased training complexity. Adaptive Perspective Distil-
lation (APD) uses two projection heads to perform pixel-
level distillation, minimizing KL divergence between the
teacher’s and student’s projected feature embeddings (Tian
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Figure 2: Network architecture of OGP-Net: The model receives inputs { X rep, Xrr}. The DMC strategy is implemented
to improve modality-shared information by utilizing feature exchange and simultaneous distillation from (a) frozen baseline
DeepLabV3+ model. Multi-View Feature Maps (MVFM) are generated and subsequently trained using supervised, pixel-level
contrastive learning. (c) Additionally, the Gated-Spectral Unit (GSU) is incorporated to eliminate the need for manual adjust-
ments. (Dotted lines indicate that they are not physically connected.)

et al. 2022). Vanilla KD with KL divergence or CWD losses
from a pre-trained optical (RGB) model can disrupt fea-
ture alignment, especially with high discrepancies between
teacher and student models. Cross-modality distillation is
crucial in deep learning for transferring knowledge from one
modality to enhance those with limited information, such as
depth maps and high-quality sketches. However, extending
these methods to modalities with significant feature discrep-
ancies, such as RGB-IR (Do et al. 2024), remains an emerg-
ing area. For multi-sensor applications, novel techniques are
needed to distill knowledge effectively while keeping the
model complexity low.

Contrastive Learning is an unsupervised representation
learning method that helps in learning distinct feature rep-
resentations by distinguishing between similar and dissimi-
lar pairs (Chen et al. 2020). Multi-view contrastive learning
has been introduced for classification tasks, exploring the
use of images from different sensors at the same location
and time as positive examples to maximize mutual infor-
mation, thus eliminating the need for manual augmentation
tuning (Berg et al. 2024). Pixel-level contrastive learning
techniques has been mainly used in self-supervised, domain
adaptation (Chen et al. 2023) and class-incremental settings
(Zhao, Yuan, and Shi 2023). Pixel-wise contrastive distil-
lation (Huang and Guo 2023) introduces a self-supervised
framework that aligns positive pixel pairs and repulses neg-
ative pairs to match the distributions of corresponding pixels
in student and teacher feature maps. These techniques re-
quire a memory buffer, leading to significant memory over-
head for augmented samples and feature maps. Multi-view
contrastive learning for pixel-level scenarios remains an ac-
tive research area (Jain, Wilson, and Gulshan 2022). Tra-
ditional methods using separate projection heads for each
modality are inefficient, as they lose spatial information and
struggle with feature matching when discrepancies are high.
In contrast, our approach explores core concepts of super-
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vised multi-view pixel-level contrastive learning within the
latent space, utilizing multi-view feature maps to effectively
mitigate semantic drift.

Methodology
Problem Formulation

Multi-modal segmentation models aim to bridge the cross-
modal gaps between RGB and IR modalities while ensur-
ing robustness in both multi-modal and missing modal-
ity scenarios. Let {Xragp, X;r} denote the co-registered
RGB-IR image pairs from dataset D, along with their cor-
responding pixel-wise labels Y. Data from both modalities
are passed as input to the semantic segmentation model
Fo:{Xrcp, X1r} — S, where S is the segmentation mask
and 6 represents the learnable parameters. During inference,
for multi-modal settings, { X rcp, X g} images are passed
to the model. Only the IR data { X1} is passed to the model
for missing modality scenarios. OGP-Net takes a unified ap-
proach by addressing both problems concurrently rather than
treating them separately.

Overview

Segmentation model M can be decomposed into ) o B,
where B is the backbone network, and v represents the
decoder and segmentation head. The backbone layers cap-
ture low-level, modality-shared features by preserving lo-
cal structures (Zeiler and Fergus 2014; Kang et al. 2022).
OGP-Net inputs { X g5, X1r} into the backbone B, i.e, B:
{XRGB, X[R} — {fRGB7 fIR}- B is the proposed Distil-
lation with Multi-view Contrastive (DMC) block, as shown
in 2. The encoder blocks (backbone) consist of five stages,
{fi 1,2,3,4,5}, where the i*" encoding stage is de-
noted as f%(.), and maps the features F; 1 to F;. As the
model progresses through its layers, the features tend to be-
come more specific to particular modalities. Hence, these



later layers are preserved individually to retain the modality-
specific semantic information. The output of the backbones
is designed to be fed into separate decoders for each modal-
ity, generating both individual segmentation heads and a uni-
fied fused segmentation head output, jointly denoted as: :

{freB, frr} = {SraB, SR, Scsvu}-

OGP-Net: Optically-Guided Pixel-level contrastive
learning Network

Training scheme: The training process consists of two key
steps: (1) pre-training the baseline DeepLabV3+ segmen-
tation model on RGB images, and (2) training the OGP-
Net model using RGB-IR images while concurrently distill-
ing knowledge from the pre-trained model into the optical
(RGB) branch of OGP-Net.

Training step 1: During this step, the baseline segmenta-
tion model is trained with the RGB images with their corre-
sponding labels {Xgrap, Y} to generate a well-structured
pixel embedding space. An auxiliary head (hqq,) is used
to project the features from the 4" layer of the encoder,
and train with downsampled labels {y”}. This is to train
a more robust encoder, by emphasizing the learning of the
low-frequency, modality-shared features within the model.
Segmentation loss L4 (p, y) is used to train both the model
and the auxiliary head (hgy). It consists of the summation
of cross-entropy and dice loss, and is given by,

23, piyi
L = — log(p; 1 — el
seq(PY) Zy 9(pi) +1- =S

where y and p denote the ground truth labels and the pixel-
wise predictions, respectively. Once trained, the baseline
model is kept frozen.
Training step 2: During the second training step, the OGP-
Net (student) model undergoes training with pixel-level dis-
tillation from the pre-trained RGB model (teacher) using the
proposed framework, as shown in Fig. 2 (b). This process
primarily involves Distillation with Multi-View Contrastive
(DMC) and Distillation for Unimodal Retention (DUR).
DMC balances intra- and inter-modal learning by projecting
semantic information across modalities into a unified latent
space, enabling modality-invariant representation learning.
In contrast, DUR focuses on preserving modality-specific
representations within the latent space.
Distillation with Multi-view Contrastive (DMC) To cap-
ture common semantics from both the modalities, the pro-
posed DMC integrates (i) feature exchange, (ii) knowledge
distillation, and (iii) multi-view contrastive learning simul-
taneously, serving as a self-adaptive fusion method in the
dual branches of the OGP-Net encoder. Convolutional layers
capture modality-shared features across different sensors,
while batch normalization layers are crucial for preserving
modality-specific characteristics (Zheng et al. 2021; Chang
et al. 2019; Wang et al. 2020). Hence, the dual branches of
the encoder in OGP-Net share convolutional filters across
both modalities while maintaining distinct batch normaliza-
tion layers for each modality.

(i) Feature exchange: Batch normalization performs nor-
malization on feature maps, followed by affine transforma-
tion using v and [ parameters. The correlation between

ey
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the feature map f; and its corresponding scaling factor ;
on output predictions is well studied, revealing redundancy
in feature maps when v — 0 (Liu et al. 2017; Ye et al.
2018). The feature exchange mechanism (Wang et al. 2022;
De Vries et al. 2017; Zhang et al. 2018) has been employed
for cross-modal message passing by modulating batch nor-
malization. This mechanism has been used to dynamically
exchange channels between the dual branches of the en-
coder, embedded with the same mapping of RGB-IR modal-
ities, due to shared convolutional filters. This approach helps
align the unimodal features, ensuring that the feature maps
retain multi-modal representations from both modalities.
Channel exchange C is performed across all stages of the
encoders within OGP-Net. Channels are interchanged along
the batch axis in the encoder when the scaling factor ~ is
close to 0. Spatial exchange S is also introduced to exchange
features in the dual branches, specifically in the spatial di-
mension. An exchange mask denoted as M € R™"% js
generated, wherein values of 0 and 1 correspond to elements
designated for non-exchange and exchange, as given below,

w%2 =0
otherwise

0 if
M(n,c,h,w) - { 1 lf (2)
where n, c, h, and w represent the batch size, number of
channels, and height width respectively. Features along the
width dimension are exchanged in the dual branch only for
the last two stages of the encoders. Both channel and spa-
tial exchanges are avoided in deeper layers to prevent in-
terference with modality-specific propagation, as shown in
Fig. 2 (b). These feature exchanges facilitate a robust knowl-
edge transfer between the dual branches, allowing the fea-
ture maps to retain multi-modal representations from both
modalities.

(ii) Pixel-lexel knowledge distillation: Given the signif-
icant discrepancy between RGB and IR modalities, strict
constraints are enforced to align the pixel-wise feature maps
between the pre-trained model and OGP-Net. The multi-
level semantic information is distilled from the last two lay-
ers of the encoder of the pre-trained model (FFO9) to the last
two layers of the shared encoders of the optical branch of
OGP-Net, using the mean square error loss, given by,

Lpa(F,FPO) = Y | E=FFOa+|Fa=F7Cll2 (3)
i€{4,5}

which measures the difference between the features of the
last two layers of the encoders (F;) and the decoder output
(Fy). This distillation facilitates the transfer of knowledge
from the well-structured pixel embedding space of the pre-
trained model to OGP-Net.

(iii) Multi-view contrastive learning: OGP-Net’s shared
encoders project semantic knowledge from various per-
spectives into a unified latent space. Feature exchange and
distillation align cross-modal features, transforming uni-
modal features into rich multi-modal representations, known
as multi-view feature maps. We propose training the last
four encoder layers with these multi-view feature maps
using pixel-level contrastive learning Loz (Gutmann and
Hyvirinen 2010) to enhance intra-domain mining, as shown



in Fig. 2 (b). This approach reduces the need for additional
augmentations or explicit views from different sensors, as
the feature maps encapsulate modality-shared information
from both sensors. Features are mapped into an embed-
ding space using a single projection head (a non-linear MLP
hpizer), bringing pixel embeddings of the same category
closer together while pushing those from different categories
farther apart. Pixel-wise labels are used to categorize pixels
of the same class as positive samples and those of different
classes as negative samples. The pixel-wise contrastive loss
is formulated as,
>

CH)=C0)

r(ei, e;)
=Ny
> pm1 (€ €5)

where, e; represents the i*" feature map obtained from the
projection head, Np stands for the total number of pixels, r
denotes the similarity measure. Similarity is calculated using
the exponential similarity function: r(e;, e;) = exp(s(e;, e;)
/ T), where s represents the cosine similarity, and 7 is the
temperature parameter. Various sampling strategies can be
employed, but empirically, the semi-hard example sampling
strategy yields the best performance. In this strategy, for
each anchor, the top 10% of the closest negative samples
and the most distant positive samples are selected for each
anchor (Chen et al. 2023).

Sparsity regularization is used on batch normalization

scaling factors to automatically eliminate redundant chan-
nels, resulting in more compact models (Liu et al. 2017).
This method is crucial for models with feature exchange
mechanisms and has been shown to significantly boost per-
formance (Shao et al. 2020). However, in training OGP-Net,
pixel-level knowledge distillation leads to frequent changes
in feature-level statistics, causing constant fluctuations in
batch normalization parameters, especially . As a result,
the sparsity constraints become overly restrictive and are not
applied during training (more details in supplementary ma-
terial).
Distillation for Unimodal Retention (DUR) The multi-
view features from the backbones are fed into the decoder
function to produce output predictions for each modal-
ity, as well as a fused segmentation head output, i.e., ¥:
{fraB, frr} = {SraB,Srr,Sasv}. To preserve high-
frequency, modality-specific information, we propose using
the DUR strategy in the decoder and segmentation heads,
which integrates knowledge distillation and feature fusion.

To align the output predictions of the optical branch of
OGP-Net (Sgrgp) with the output of the pre-trained model,
we introduce the DIST loss (Huang et al. 2022) into the
framework. It distills the inter-class knowledge and captures
the intra-relation of semantic similarities from the multi-
class pixel-wise predictions obtained from the pre-trained
model, denoted as p©©. The distillation loss L1 is the sum
of L;pter and Ljyi0q losses, defined as:

1
Linter(Sran, p"°) = B > dp(Srep(i)06S) )

“

Lo =—

1
Lintra(Srep,p"°) = c de(SRGB(:,j),pfi%) (6)
J
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where B and C represent the rows and columns of the pre-
diction feature maps. The similarity metric d,, (., .) is defined
as dp(.,.) =1—p(.,.), where p(.,.) is the Pearson correla-
tion coefficient between two sets of output logits.

Gated Spectral Unit (GSU) (Arevalo et al. 2017) is intro-
duced to merge similar visual concepts from both imaging
modalities and produce the fused output prediction Sggy. It
uses gating mechanisms to automatically determine the in-
fluence of different units’ activations, eliminating the need
for manual adjustments. Fig. 2 (c) depicts the structure of a
GSU. The output of the RGB and IR branches and their sum-
mation are fed to the GSU block. We aggregate the feature
maps from both modalities using a summation operation to
enhance high-frequency features. These features maps are
first passed through convolution layers and through the lay-
ers as given below,

hy = tanh(W7 = Fr), (7
ho = tanh(Wa x Fp), (8)
h3 = tanh(W3 * (FI + Fo)) (9)

where, {W7, W5, W5} represents the convolution weights.
For each branch, gate neuron Z is computed, given by,

Zy = o(Wy ® [Fr, Fo, F1 + Fo)) (10)

where [-, -] denotes the concatenation operator and o denotes
sigmoid operation. Z5 and Z3 are also calculated in a simi-
lar manner to Z;. The final output predictions of the fusion
block Sg sy is given by,

Sasu =Z1 @ h1+Zy@hy + Z3 @ hs an

where (®) represents the multiplication operation. OGP-Net
model has three outputs as shown in the figure, two for each
modality, i.e., for RGB and IR, and the third output from the
GSU block, given by Sgsy. GSU helps in preserving the
high-frequency, modality-specific information within the IR
branch of the model during distillation, by preventing forced
feature alignment.

Optimization As the data propogates throughout the model,
various loss functions are applied at intermediate layers to
optimize the learning process. The joint loss function for
training OGP-Net is given by,

Lsta = Lseg(Sasu,ir,raB)>Y) + Lseg(Pauz, y?)

+Lp1(Sree,p"°) + Lp2(F, FP9) + Ley, (12)

where y and y” represent the ground truth labels and the
downsampled labels, respectively. pq... denotes the features
projected using the auxiliary head (hquz). Lseg is used to op-
timize the model’s output from the fused segmentation pre-
dictions Sgsy generated using GSU, as well as the RGB
and IR output predictions Srgp and S;gr. During inference,
for multi-modal settings, the final predictions from the GSU
block are used. In the missing modality scenarios, there are
two settings: (1) the final predictions from the GSU block
are used, and (2) only the IR branch of OGP-Net is em-
ployed (S;R), referred to as OGP-Net-IR. OGP-Net-IR has
the same model parameters as that of DeepLabV3+.



Multi-Spectral Method MSRS | MVSS Params
Settings (mlIoU) | (mlIoU) ™M)
Baseline RGB (Chen et al. 2018) 64.33 48.89 11.68M

IR (Chen et al. 2018) 61.96 42.82 11.68M

TarDAL (Liu et al. 2022) 65.80 21.21 11.71M

Multi-Modal CDDFuse (Zhao et al. 2023a) 66.71 48.41 13.47TM
Settings DDFM (Zhao et al. 2023b) 61.62 - 564.494M

(RGB-IR) C.E.N (Wang et al. 2022) 61.04 51.33 99.13M

MMANet (Wei, Luo, and Luo 2023) 66.24 49.31 71.70M

OGP-Net (Ours) 69.97 52.90 14.24M

DisOptNet (Kang et al. 2022) 63.84 4322 11.68M

Missing MMANet (Wei, Luo, and Luo 2023) 61.34 46.83 50.69M

Modality C.E.N (Wang et al. 2022) 62.93 40.33 99.13M

(IR only) SKD-Net (Sikdar, Teotia, and Sundaram 2024) 64.67 45.53 11.68M

OGP-Net (Ours) 66.77 47.18 14.24M

Table 1: Performance comparison of mean Intersection over Union (mloU) of proposed OGP-Net with other state-of-the-art
models on MSRS and MVSS datasets. OGP-Net outperforms other models in challenging low-light scenarios with significantly

fewer parameters.
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Figure 3: Comparison of output predictions for the MSRS
dataset for missing modality scenario, with (a) RGB, (b) IR
inputs, (c) labels, and predictions from (d) DisOptNet and
(e) OGP-Net. (See supplementary material for additional re-
sults.)

Experimental Results

Datasets and implementation details Three public datasets
are used for benchmarking several downstream multi-modal
segmentation tasks: MSRS (Tang et al. 2022), MVSS (i
et al. 2023), and FMB (Liu et al. 2023). These datasets
contain images of urban scenes, with a wide variety of en-
vironmental conditions. Intersection over Union (% mloU)
is used as a metric to quantitatively measure the segmen-
tation performance. DeepLabV3+ (Chen et al. 2018) with
the EfficientNet-B3 (Tan and Le 2019) backbone serves as
the baseline segmentation model. All models are trained
with a batch size of 8 for 200 epochs, and data augmen-
tation includes horizontal flips with a 50% probability. All
experiments are conducted on NVIDIA Quadro RTX 5000
GPUs, and which is pre-trained on ImageNet. The models
are traigled using an SDG optimizer, with an initial rate of 5
x 1077,

Comparison with State-of-the-Arts

Quantitative evaluation Tables 1, and 2 show the segmen-
tation performance of OGP-Net and other state-of-the-art
models for both the settings. The performance of the base-
line DeepLabV3+ model for Oracle settings is shown, where
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Figure 4: Performance curves of OGP-Net and other models
for (A) multi-modal and (B) missing-modality scenarios on
MSRS dataset. OGP-Net demonstrates faster convergence
compared to other models.

it is trained and tested solely on RGB or IR data. To eval-
uate performance when one modality is missing, all mod-
els are trained using both modalities but tested only on IR
data as shown in missing-modality (IR only)). Segmenta-
tion performance for multi-modal fusion is presented in the
Multi-modal Settings, where OGP-Net consistently outper-
forms state-of-the-art models with significantly fewer pa-
rameters. It outperforms CDDFuse by 4.22 % on average
of all datasets. It also outperforms the C.E.N model by 4.94
% on average across all datasets, with only 14.37 % of its
total number of parameters.

Qualitative evaluation Fig. 3 shows the predictions of con-
temporary models and OGP-Net. OGP-Net obtains domain-
invariant features across various imaging spectra while pre-
serving modality-specific features for the same object cate-
gories. This contributes to the model’s capability to make
superior predictions. T-SNE feature embeddings for both
scenarios are provided in the supplementary material. These
embeddings reveal that OGP-Net generates well-structured
clusters in the semantic feature space, whereas the baseline



FMB

Settings Method (mIoU)
Baseline RGB 49.72
IR 44.7
TarDAL (Liu et al. 2022) 50.38
CDDFuse (Zhao et al. 2023a) 48.41
DDFM (Zhao et al. 2023b) 35.69
RGB-IR MFNet (Ha et al. 2017) 39.7
C.E.N (Wang et al. 2022) 49.01
MMANet (Wei, Luo, and Luo 2023)| 53.97
OGP-Net (Ours) 54.89
DisOptNet (Kang et al. 2022) 46.34
MMANet (Wei, Luo, and Luo 2023) | 48.59
RGB2TIR (Lee et al. 2023) 34.7
IR only ASAPNet (Shaham et al. 2021) 43.1
TIR ControlNet (Mayr et al. 2024) 47.8
OGP-Net-IR (Ours) 48.56
OGP-Net (Ours) 48.89

Table 2: Performance comparison of proposed OGP-Net
with state-of-the art models on the FMB dataset. Multi-
modal settings are denoted as RGB-IR, and IR denotes in-
ference using only IR data.

Method mloU

IR (Chen et al. 2018) 61.96
DeepLabV3 + KL 58.5
DeepLabV3 + CWD (Shu et al. 2021) 59.36
DeepLabV3 + DIST (Huang et al. 2022) | 61.84
OGP-Net-IR (Ours) 66.73

OGP-Net (Ours) 66.77

Table 3: Performance comparison of state-of-the-art knowl-
edge distillation methods with OGP-Net for missing modal-
ity scenarios on MSRS dataset. KL refers to Kull-
back—Leibler divergence.

model produces overlapping clusters.

Ablation Studies

Comparison with distillation techniques Table 3 com-
pares OG-Net and OG-Net-IR with distillation methods,
showing that forced feature alignment in KD techniques re-
sults in lower performance than the baseline IR model.
Philosophy of feature exchange Different configurations of
shared and distinct convolutional and batch normalization
layers are verified in Table 4. There is a clear performance
decrease when both convolutional and batch normalization
layers are shared in the encoder.

Effectiveness of proposed framework Table 5 highlights
the effectiveness of OGP-Net components. Multi-view fea-
ture maps enhance pixel-level contrastive learning and dis-
tillation, with the combination of all techniques yielding the
best performance. OGP-Net leverages knowledge from the
pre-trained RGB model and achieves rapid convergence in
both multi-modal and missing modality scenarios, as illus-
trated in Figure 4.
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Convs BN Exchange | mIoU P?ﬁ)m
Unshared | Unshared X 69.81 24.89
Shared Shared X 67.23 11.68
Shared Unshared X 69.52 14.24
Shared Unshared v 69.97 14.24

Table 4: Ablation experimental results of different versions
of OGP-Net on MSRS dataset for multi-modal setting. Ex-
change refers to the feature exchange strategy. (All results
are generated with the EfficientNet-B3 backbone.)

Additional Experiments Additional experiments, includ-
ing: (i) validating OGP-Net’s effectiveness with limited
training samples and (ii) comparing performance with
MMIF models in missing modality scenarios, are provided
in the supplementary material.

Method mloU
OGP-Net 69.97
OGP-Net - Pixel-wise Contrastive learning | 68.98
OGP-Net - GSU 69.62
OGP-Net - Feature Exchange 69.45

OGP-Net - Pixel-wise Contrastive learning
69.04

- Feature Exchange

Table 5: Ablation results for contrastive learning, Mixed
Feature Exchange and GSU on OGP-Net for multi-modal
settings on the MSRS dataset.

Conclusions

This paper introduces OGP-Net, a novel multi-modal fusion
approach for multi-spectral semantic segmentation tasks,
addressing both multi-modal and missing modality scenar-
i0s. It introduces Distillation with Multi-View Contrastive
(DMC) and Distillation for Uni-modal Retention (DUR) to
preserve both intra- and inter-modal semantic knowledge.
DMC aligns unimodal features in a unified latent space,
while pixel-level multi-view contrastive learning ensures
modality-invariant representations. DUR focuses on retain-
ing modality-specific details within the latent space. OGP-
Net consistently delivers superior performance across three
public benchmarking datasets, outperforming CDDFuse by
an average of 4.74% in multi-modal settings and surpass-
ing MMANet by 2.74% in multi-modal and 2.02% in miss-
ing modality settings, all with significantly fewer parame-
ters. Additionally, OGP-Net converges faster and performs
better with limited training data.
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