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1 Centro Singular de Investigación en Tecnoloxı́as Intelixentes (CiTIUS),
Universidade de Santiago de Compostela, Spain.

2 Departamento de Electrónica e Computación, Universidade de Santiago de Compostela, Spain.

ABSTRACT

Semantic segmentation for EO is a process that involves
assigning a specific label or category to each pixel in an
image, enabling precise analysis for land cover applica-
tions such as environmental conservation, urban planning
or disaster management. Deep learning-based segmenta-
tion models have proliferated in recent years, but they often
are not well adapted to the unique properties of multi and
hyperspectral images, frequently used in remote sensing.
Mask2Former is a universal segmentation model based on
the concept of masked attention and employs a pretrained
classification model as backbone to create intermediate rep-
resentations. This article presents a preliminary adaptation
of Mask2Former for the segmentation of multispectral re-
mote sensing images. This adaptation includes modifying the
backbone to accept multispectral inputs and adapting the data
processing pipelines to leverage all available spectral bands
effectively. The computational cost of the method has also
been analyzed as an initial assessment of potential scalabil-
ity and efficiency for large-scale applications. Experimental
results using the FiveBillionPixels dataset reveal a notable
improvement in segmentation accuracy when incorporating
multispectral bands, outperforming RGB-only performance
without a relevant increase in computational cost.

Index Terms— land cover, transformer, semantic seg-
mentation, multispectral, computational cost.

1. INTRODUCTION

Multispectral images capture details beyond the visible spec-
trum, allowing for enhanced analysis of materials and envi-
ronmental conditions. In remote sensing, image segmentation
is widely used for object identification, visual interpretation,
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and analysis. It is particularly effective for detecting and clas-
sifying land cover classes. The goal is to assign a label to ev-
ery pixel, effectively segmenting the image into different re-
gions based on the objects or areas they represent. Depending
on the semantics involved, segmentation tasks are generally
classified into three types: instance, semantic, and panoptic.

Recent advances in multispectral segmentation [1] re-
sulted in the adaptation of widely used architectures such
as U-Net [2]. More recent developments explore dual-stream
networks for multispectral fusion [3] and transformer models,
such as SWIN, tailored for multispectral data [4].

In this context, Mask2Former [5] emerges as power-
ful transformer-based model for universal segmentation of
images with 3 bands (RGB), enabling instance, semantic,
and panoptic segmentation with a single pretrained unified
model. This article presents an initial approach to adapting
the Mask2Former model for semantic segmentation of multi-
spectral images, and analyzing the computational cost of the
method.

2. MASK2FORMER

In this section the original Mask2Former model is described.
Mask2Former, illustrated in Fig.1, consists of three main
components: backbone, pixel decoder, and transformer de-
coder.

The first component of Mask2Former is the backbone.
This is the initial feature extraction network that processes
the raw input data and generates a set of low-resolution fea-
ture representations for further processing by the transformer
layers. The backbone is pretrained over ImageNet-1k [6].
For the experiments in this paper, two different residual net-
work models have been selected as backbones: ResNet50 and
ResNet101 [7]. In both cases a four-stage structure is con-
sidered. At the end of each stage, intermediate representa-
tions are stored. After completing the four stages, the back-
bone produces four sets of features with resolutions 1

4 , 1
8 , 1

16
and 1

32 of the input image size. The difference between the
two ResNet models lies in their depth. ResNet101 incorpo-
rates a higher number of residual blocks per stage, making
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Fig. 1. Diagram of the Mask2Former model.

it a deeper and more complex model compared to ResNet50.
This increased complexity allows ResNet101 to capture more
intricate patterns at the cost of higher computational require-
ments.

The second component in Fig. 1 is the pixel decoder,
whose objective is producing high-resolution per-pixel em-
beddings. Its architecture has been maintained as in the orig-
inal Mask2Former and consists of a Feature Pyramid Net-
work (FPN). At each level of the pyramid, the multi-scale de-
formable attention encoder [8] is employed, enhancing pixel-
level feature processing. The pixel decoder utilizes the low-
resolution feature maps generated by the backbone to produce
a set of multiscale features. These features effectively capture
both fine-grained details and global context.

The last component of Mask2Former, also shown in Fig.
1, is the transformer decoder, which is designed to process
learnable queries and generate the final segmentation output.
This component is divided into three blocks: the masked at-
tention block, the self attention block and a Feed Forward
Network (FFN). The transformer decoder operates using a
fixed number of object queries, which are randomly initial-
ized as learnable embeddings. Each query represents a po-
tential object, region, or mask that the model aims to detect
or segment. These object queries offer flexibility by enabling
each query to focus on a specific region or object within the
image. Moreover, they provide scalability, as the number of
queries can be adjusted according to the complexity or nature
of the images being processed, making the framework adapt-
able to a wide range of segmentation tasks.

The complexity of the transformer decoder, and conse-
quently its computational cost, is influenced by two factors:
the number of queries and the number of sequential layers
(L). A layer, represented by the green box in Fig. 1, processes
the object queries through the three main blocks: masked at-
tention, self-attention, and the FFN. Depending on the num-
ber of layers, several blocks like those shown in the figure are
sequentially executed.

Inside each layer of the transformer decoder the masked

attention block plays a crucial role in the segmentation, as it
introduces masked attention. Instead of attending to the en-
tire feature map, the transformer decoder uses intermediate
mask predictions to restrict attention to relevant spatial lo-
cations. This improves computational efficiency and ensures
that each query focuses on the most informative regions, lead-
ing to more precise segmentation mask predictions. The three
lower-resolution embeddings from the pixel decoder are pro-
cessed through the transformer decoder, where object queries
refine their representations. The output is then combined with
the highest resolution embedding from the pixel decoder to
produce the final segmentation mask.

3. MASK2FORMER FOR MULTISPECTRAL
IMAGES

This section describes the adaptation of Mask2Former for se-
mantic segmentation of multispectral images to operate using
the Near-Infrared (NIR) band in addition to the RGB bands of
the original model. Mask2Former was adapted to handle the
data formats and metadata of multispectral images, which re-
quired modifications in dataset handling, model initialization,
and training configuration. Specialized data mappers were
developed to preprocess the multispectral inputs accurately,
ensuring that the model receives consistent and relevant in-
formation.

Mask2Former processes images in the PIL Image format.
To effectively use the multispectral data, the image loading
methods were modified to directly utilize the RAW data, thus
avoiding unnecessary decompression overheads. Moreover,
Detectron2 [9], the modular library for object detection and
segmentation used by Mask2Former, requires the dataset
metadata in a specific format. To fullfill this requirement, an
initial registration stage that iterates through each image in
the dataset is carried out.

In terms of model architecture, the input handling of the
backbone was modified. ResNet50 and ResNet101 [7] were
selected as backbone networks, as they have demonstrated
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good performance and can be adapted to multispectral in-
puts. The size of the input was modified from the initial
3 × height × width to 4 × height × width in order to in-
troduce an additional spectral band. In particular, the initial
STEM block of the backbone, responsible for applying a 7×7
convolution with 64 filters and a stride of 2, was adjusted to
accommodate the extra spectral channel. This approach en-
ables the use of pretrained weights with minimal architectural
changes, leveraging the information in the additional spectral
band effectively.

The backbone models used, ResNet50 and ResNet101,
were pretrained on the ImageNet-1k dataset [6]. This dataset
consists of 1,281,167 training images, 50,000 validation im-
ages and 100,000 test images. Each image belongs to one of
the 1,000 classes present in the dataset. Both pretrained mod-
els can be accessed through the Detectron2 repository.

4. EXPERIMENTS

This section evaluates the segmentation capabilities of
Mask2Former adapted for multispectral images, alongside its
memory requirements and the execution times using 1 and 2
GPUs.

4.1. Experimental Setup

The Five Billion Pixels dataset [10] is used to train and evalu-
ate the proposed adaptation of Mask2Former for multispectral
remote sensing images. This dataset comprises images cap-
tured by the Gaofen-2 satellite, provided in two formats: 16-
bit non-quantized and 8-bit quantized, both featuring 4 spec-
tral bands (red, green, blue, and near-infrared). For training,
all images were divided into quarters, yielding a resolution of
3454× 3650 pixels, as detailed in Table 1.

Table 1. Five Billion Pixels [10] dataset information (original
dataset and adapted version).

Original Five Billion Pixels Used in this work
Categories 24 + Unlabeled 24 + Unlabeled
Image Size 6908× 7300 pixels 3454× 3650 pixels
Training 120 images 480 images

Test 30 images 120 images

The segmentation evaluation metrics are the same as those
used in Common Objects in Context (COCO) [11], a widely
recognized benchmark dataset and framework for object de-
tection, segmentation, and captioning tasks. The segmenta-
tion performance was assessed using: Mean Intersection over
Union (mIoU), Frequency Weighted IoU (fwIoU), Mean Ac-
curacy (mACC), and Overall Accuracy (OA). These metrics
were obtained by training over 60,000 iterations with a batch
size of 2.

To evaluate computational cost, the FVCore library was
employed to measure the number of model parameters and

GFLOPs (Giga Floating Point Operations). Additionally,
training times, measured as Training Time Per Epoch (TTPE),
were calculated over 1,200 iterations with a batch size of 8,
corresponding to a total of 20 epochs.

The models were trained on a PowerEdge R730 server
running Ubuntu 22.04.4 LTS, equipped with two quad-core
Intel Xeon E5-2623 v4 CPUs operating at 2.6 GHz and 128
GB of RAM. The system includes two Tesla P40 GPUs, each
with 23 GB of memory, and utilizes the CUDA Toolkit 12.1.
For the implementation, FVCore 0.1.5 was employed in com-
bination with Detectron 0.6.

4.2. Experimental Results

The experiments evaluate the segmentation models utiliz-
ing all 4 spectral bands comparing them with the origi-
nal Mask2Former model, which relies solely on the 3 RGB
bands. Two backbones pretrained on the ImageNet-1k [6]
dataset, ResNet50 and ResNet101, were evaluated.

Table 2 presents segmentation metrics as well as compu-
tational cost metrics (number of parameters and GFLOPs) for
the 4 best models using ResNet50 or Resnet101 as backbone
and 3 or 4 spectral bands. Execution times in terms of TTPE
for the cases of execution using only 1 GPU and 2 GPUs with
Distributed Data Parallel (DDP) are also shown, as well as
the speedup achieved by using 2 GPUs. All models were
trained using Automatic Mixed Precision (AMP) which com-
bines both 16 bit and 32 bit float operations.

As shown in the table, R50 NirRGB (the model using a
ResNet50 and the 4 bands Nir, R, G, and B) consistently out-
performs the other models in segmentation performance met-
rics, indicating that the addition of the NIR band significantly
improves the segmentation performance. Moreover, the best-
performing models in terms of segmentation quality are all
based on ResNet50, suggesting that it may generalize better
than the ResNet101 backbone. This is particularly notewor-
thy given that ResNet50, in particular, the configuration using
NirRGB has a lower TTPE than ResNet101 NirRGB as it has
significantly fewer parameters (43.959×106 vs. 62.899×106)
and requires lower GFLOPs (174.53 vs. 225.81).

More in detail, the R50 NirRGB model outperforms its
RGB counterpart across all accuracy metrics, with higher OA
(81.47% vs. 79.72%), mAcc (52.07% vs. 48.87%), and mIoU
(41.30% vs. 39.98%). This highlights the significant perfor-
mance increase provided by the inclusion of the NIR band
without increasing computational complexity.

Regarding execution time, switching from RGB to mul-
tispectral images while using the same backbone does not,
on average, increase the training time per epoch (TTPE), as
shown in Table 3, but it results in improved segmentation per-
formance metrics. The execution time for the R101 model
is higher than for R50 in all the cases, being these results
compatible with the higher values in GFLOPS and number
of parameters of R101.
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Table 2. Performance metrics and computational cost of the adapted Mask2Former model.
Performance metrics (%) Computational cost

Model OA mAcc mIoU fwIoU Parameters (106) GFLOPs TTPE 1 GPU (s) TTPE 2 GPUs (s) Speedup
R50 RGB 79.72 48.87 39.98 66.50 43.956 173.99 150.576 92.574 1.627
R50 NirRGB 81.47 52.07 41.30 70.43 43.959 174.53 150.570 90.408 1.665
R101 RGB 77.20 49.31 38.37 63.40 62.896 225.26 170.274 102.474 1.662
R101 NirRGB 76.40 42.62 33.67 63.67 62.899 225.81 170.076 99.510 1.709

Fig. 2. Metrics comparison between the multispectral model
(dotted line) and the RGB model (continuous line) using the
ResNet50 backbone.

Table 3. Metrics comparison with previous work.
Method OA (%) mAcc (%) mIoU (%)
CADR [12] 75.49 47.83 36.63
DPA [12] 75.36 48.57 37.77
CASSSS [12] 75.97 53.53 40.68
DeepLabv3+ [10] 79.87 - 42.12
U-Net [10] 80.35 - 44.51
Proposed R50 RGB 79.72 48.87 39.98
Proposed R50 NirRGB 81.47 52.07 41.30
Proposed R101 RGB 77.20 49.31 38.37
Proposed R101 NirRGB 76.40 42.62 33.67

To analyze the evolution in the segmentation process car-
ried out by Mask2Former, Fig. 2 illustrates the evolution of
the metrics for the R50 RGB and R50 NirRGB models dur-
ing training. Initially, the RGB model performs better until
around iteration 23,000. Beyond this point, the multispectral
model incorporating the NIR band begins to outperform the
RGB model. This improvement reflects the gradual adapta-
tion of the model to the additional information contributed by
the NIR band.

A comparative analysis against recent state-of-the-art
methods for semantic segmentation was also conducted. The
segmentation results over the Five Billion Pixels dataset us-
ing NirRGB (4-band) images are summarized in Table 3. The
evaluation emphasizes metrics that provide deeper insights
into the robustness of the segmentation process: OA, mAcc,
and mIoU.

The proposed R50 NirRGB model performs better than
the other proposed methods as it is shown by the higher OA
values, indicating its ability to correctly classify the majority
of pixels. The high values obtained for mAcc demonstrate
balanced performance across categories. The results in terms
of mIoU show efficiency in segmenting regions with minimal
overlap errors.

Compared to the state-of-the-art models such as U-Net
and DeepLabv3+, which also achieve high OA, the R50 Nir-
RGB model offers a good balance between segmentation pre-
cision and per-class accuracy. It improves methods such as
Advent and CASSSS in terms of OA while maintaining com-
petitive mAcc and mIoU scores. The inclusion of NIR data in
the R50 NirRGB model proves beneficial for distinguishing
between visually similar or complex regions.

5. CONCLUSIONS

In this work, a first approach to adapt the Mask2former seg-
mentation model to multispectral images has been presented
and evaluated over images for land cover applications. The
adaptation involves modifying Mask2Former to accommo-
date extra bands of the the multispectral. The objective is
to ensure that the model fully utilizes the available spectral
information to improve the segmentation accuracy. A first
analysis of the computational cost of the new approach is also
carried out.

It has been found that the addition of the NIR band im-
proves the model learning process, leading to faster con-
vergence, and better utilization of data compared to models
trained on RGB images. The evaluation was performed by
using pretrained ResNet50 and ResNet101 networks as back-
bone. The proposed model, based on ResNet50 and incorpo-
rating the NIR band, achieved competitive results compared
to the state-of-the-art models at the cost of only a small in-
crease in the number of parameters.

Given the competitive performance of this model, we pro-
pose the following future work directions: fine-tuning the
backbone on multispectral land cover data to better adapt the
feature extraction to this data type, modifying the pixel de-
coder to utilize higher-resolution embeddings adapted to high
spatial resolution images, and testing over several spatial res-
olutions for the input images. Additionally, other alterna-
tives will be explored to reduce the computational cost by ex-
ploiting parallelism thereby enabling the efficient handling of
larger datasets and more complex models.
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