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Highlights 

What are the main findings? 

• At the ×4 scale, joint five-channel reconstruction with its spectral losses best pre-

served spectral relationships (spectral angle and vegetation-index errors), whereas 

band-wise reconstruction was strongest for per-band spatial fidelity. 

• Spectral-angle constraints improved spectral consistency, whereas vegetation-index 

loss effects were model-dependent in the ×4 super-resolution setting. All model com-

parisons were made under a deliberately modest, equalized training budget. 

What are the implications of the main findings? 

• UAV multispectral super-resolution can enhance spatial detail while maintaining 

key spectral information needed for vegetation monitoring. 

• The proposed benchmark provides practical guidance for selecting SR architectures 

and loss functions for crop-focused remote sensing applications. 

Abstract 

Unmanned aerial vehicle (UAV)-based multispectral imaging enables flexible, non-de-

structive crop monitoring. Although UAV imagery offers much higher spatial resolution 

than satellite platforms, its effective spatial detail at typical operational flight altitudes can 

still be insufficient for plant-level interpretation and fine canopy structure, which can re-

duce vegetation-index reliability. Most super-resolution (SR) research targets RGB or sat-

ellite imagery and emphasizes perceptual or pixel-wise quality, leaving the spectral fidel-

ity of reconstructed UAV multispectral imagery under-examined. This study bench-

marked an SR evaluation framework for UAV-based five-band crop imagery (Blue, Green, 

Red, Red-edge, and near-infrared) using the open-source AI Hub cabbage dataset, with 

low-resolution inputs generated by controlled downsampling at ×2, ×3, and ×4. Nine 

methods (bicubic, SRCNN, EDSR, RCAN, SwinIR-based, ESRGAN-based, HAT-based, 

DAT-based, and DRCT-based SR) were compared under joint five-channel and band-wise 

reconstruction on 2170 test scenes using image-quality, spectral-angle, vegetation-index 

(NDVI, GNDVI, NDRE), band-wise, and efficiency metrics. EDSR and RCAN gave the 

most balanced performance. At ×4, band-wise reconstruction was strongest for per-band 
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spatial fidelity, where EDSR reduced RMSE by 12.6%, and RCAN lowered near-infrared 

RMSE by about 21% relative to bicubic, whereas joint reconstruction with its spectral-an-

gle and vegetation-index losses best preserved spectral relationships (spectral angle and 

vegetation-index errors). Learning-based gains were clearest at ×4. The recently proposed 

HAT-based, DAT-based, and DRCT-based attention models achieved the strongest pixel-

wise RMSE and PSNR but did not surpass EDSR or RCAN on spectral angle or vegetation-

index preservation under the equalized training budget. These results indicate that UAV 

multispectral SR should be assessed by spatial fidelity together with spectral consistency 

and agricultural index reliability. 

Keywords: UAV remote sensing; multispectral imagery; super-resolution; precision  

agriculture; red-edge; near-infrared; vegetation index; spectral consistency 

 

1. Introduction 

Precision agriculture increasingly depends on spatially explicit crop information that 

can be acquired repeatedly and non-destructively. Remote sensing has become a central 

tool for field crop monitoring because it supports repeated observation of canopy devel-

opment, crop stress, and within-field variability at the agricultural field scale [1]. Among 

remote-sensing platforms, unmanned aerial vehicles (UAVs) are particularly useful for 

agricultural management because acquisition timing, spatial coverage, and ground sam-

pling distance can be controlled more flexibly than in many satellite-based observations 

[2]. Recent reviews of UAV multispectral remote sensing have reported the continued ex-

pansion of crop-monitoring applications, including growth assessment, stress diagnosis, 

and decision-support mapping [3]. 

For crop monitoring, RGB information alone is often insufficient because important 

physiological and structural changes are expressed outside the visible spectrum. Multi-

spectral imagery provides access to red-edge and near-infrared (NIR) responses that are 

closely related to canopy structure, chlorophyll-related status, and vegetation-index cal-

culation. However, vegetation-index values derived from aerial multispectral imagery are 

sensitive to illumination, soil background, acquisition geometry, and crop condition, mak-

ing spectral reliability an essential requirement for UAV-based analysis [4]. UAV canopy-

monitoring studies have also shown that red-edge and NIR measurements provide useful 

information for estimating canopy traits and nitrogen-related crop status [5]. In addition, 

flight-altitude studies indicate that acquisition geometry can affect multispectral-index ac-

curacy, reinforcing the need to evaluate both spatial and spectral quality in UAV image 

products [6]. 

Despite these advantages, UAV-based multispectral imagery remains constrained by 

sensor specifications, optics, flight altitude, platform motion, and data-processing condi-

tions [7]. Although UAV imagery is spatially detailed relative to satellite data, its effective 

resolution at higher flight altitudes or wider coverage can still be insufficient to resolve 

plant rows, canopy texture, leaf boundaries, mixed pixels, and field-edge transitions. Such 

blurring reduces the reliability of plant-level interpretation, vegetation-index mapping, 

and downstream field-management decisions, even when the original multispectral 

bands are radiometrically meaningful. 

Image super-resolution (SR) provides a practical approach for improving spatial de-

tail without changing the acquisition platform. In remote sensing, deep learning has sub-

stantially improved high-resolution reconstruction [8]. At the same time, it has raised 

questions about spectral fidelity, degradation assumptions, and evaluation protocols [9]. 

SR architectures have advanced through several model families: efficient convolutional 
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networks that target pixel-wise fidelity [10], sub-pixel upsampling methods that improve 

reconstruction efficiency [11], Transformer-based models that capture long-range feature 

dependencies [12], residual designs that enable deeper networks with stronger fine-detail 

recovery [13], and attention-based models that improve the selectivity of feature repre-

sentation [14]. Other work has emphasized perceptual quality and visual realism under 

more complex image formation conditions [15], and blind and real-world degradation 

settings have been surveyed in detail [16]. However, these advances do not automatically 

guarantee reliable spectral reconstruction for agricultural multispectral analysis. 

More recently, diffusion-based SR [17] and remote-sensing foundation models [18] 

have likewise emerged as promising directions. These approaches can generate perceptu-

ally detailed reconstructions and transferable image representations, but their usefulness 

for quantitative multispectral crop analysis depends on whether reconstructed spectral 

values remain reliable. For agricultural UAV imagery, visual sharpness alone is not suffi-

cient. Small errors in Red, Red-edge, or NIR reflectance can propagate into larger errors 

in normalized difference vegetation index (NDVI), green NDVI (GNDVI), or normalized 

difference red-edge (NDRE) maps. Therefore, SR outputs intended for crop monitoring 

should be evaluated not only by spatial image-quality metrics but also by spectral con-

sistency and vegetation-index reliability [19]. 

Although multispectral SR studies have begun to include explicit spectral evaluation, 

much of the existing work has focused on satellite sensors such as Sentinel-2 [20] or on 

vegetation mapping using multispectral and hyperspectral imagery [21]. Comparatively 

less attention has been given to UAV-based five-band crop imagery, where Blue, Green, 

Red, Red-edge, and NIR bands must be reconstructed in a way that preserves inter-band 

relationships. This distinction is important because agriculturally meaningful information 

is not contained in a single band, but in the spectral relationships among visible, red-edge, 

and NIR responses. However, it remains unclear whether joint five-channel reconstruc-

tion better preserves spectral relationships and vegetation-index reliability than inde-

pendent band-wise reconstruction for UAV five-band crop imagery under a unified eval-

uation protocol. 

Another important issue is the degradation assumption used to construct low-reso-

lution and high-resolution image pairs. In this study, low-resolution inputs were gener-

ated by controlled downsampling from dataset-derived high-resolution five-band image 

cubes rather than by pairing images acquired at different flight altitudes or with different 

sensors. This design provides a reproducible benchmark under known spatial degrada-

tion, while limiting the interpretation of the results to controlled downsampling rather 

than fully realistic cross-altitude or cross-sensor degradation. Three scale factors, ×2, ×3, 

and ×4, were evaluated to span moderate to severe spatial-resolution loss. 

To address these issues, this study evaluates a spectral-consistency-aware SR frame-

work for UAV-based five-band multispectral crop imagery. Bicubic interpolation is used 

as a deterministic non-learning baseline, and representative learning-based models are 

compared, including SRCNN, EDSR, RCAN, SwinIR-based SR, ESRGAN-based SR, and 

the recently proposed HAT-based, DAT-based, and DRCT-based SR. Two reconstruction 

strategies are examined: joint five-channel reconstruction, which reconstructs all spectral 

bands simultaneously, and band-wise reconstruction, which reconstructs each band inde-

pendently. This comparison tests whether preserving inter-band relationships during re-

construction improves spectral consistency and vegetation-index reliability. 

This study aims to establish a reproducible evaluation framework that connects SR 

reconstruction quality with agricultural spectral usability. First, UAV-based five-band 

crop imagery is reconstructed and evaluated using both spatial image-quality metrics and 

spectral-similarity metrics, with spectral angle mapper and vegetation-index errors for 

NDVI, GNDVI, and NDRE used as agricultural task-oriented proxies for spectral 
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consistency. Second, joint five-channel and band-wise reconstruction strategies are com-

pared under loss formulations appropriate for each reconstruction strategy to examine the 

role of inter-band learning in multispectral SR. Third, reconstruction behavior is quanti-

fied across three scale factors and interpreted in relation to the controlled-downsampling 

setting used in this study. The main contributions are therefore threefold: first, a spectral-

fidelity-oriented evaluation protocol for UAV five-band super-resolution that jointly con-

siders spatial quality, spectral angle, and vegetation-index errors; second, a controlled 

comparison of joint five-channel and band-wise reconstruction under the loss formula-

tions feasible for each mode; and third, a reproducible, scale-dependent benchmark of 

representative interpolation, residual, attention, Transformer-inspired, and adversarial 

SR models on an open UAV multispectral crop dataset. Rather than introducing a new 

network architecture, the study is positioned as an evaluation framework and benchmark 

for spectral-consistency-aware UAV multispectral super-resolution. Unlike prior SR 

benchmarks developed on RGB natural images, evaluated by PSNR and SSIM, or on sat-

ellite multispectral imagery, none of which quantified inter-band spectral fidelity for UAV 

five-band crop imagery, this study transfers the spectral-consistency evaluation lens to 

the UAV five-band agricultural setting. 

2. Materials and Methods 

2.1. Open-Source Dataset 

The multispectral crop imagery used in this study was obtained from the AI Hub 

Field Crop Growth Condition dataset, provided by the National Information Society 

Agency of Korea [22]. The dataset contains UAV-based multispectral crop imagery and 

record-level metadata that were used to construct a reproducible super-resolution exper-

iment on agricultural field scenes. 

The dataset was accessed through AI Hub, and no additional field campaign was 

conducted in this study. The downloaded files were reorganized into a scene-level struc-

ture, where one scene denotes a spatially aligned five-band multispectral crop image cube 

and its corresponding LR versions. The same scene identifiers were used for training, val-

idation, testing, reconstruction-mode comparison, and scale-factor comparison. 

According to the accompanying AI Hub data description file (v1.1), the dataset was 

constructed in 2022 as an AI training dataset for open-field crop monitoring and includes 

TIFF source images with JSON annotation files. The metadata were used to describe data 

provenance and acquisition conditions, whereas the SR models used only the five-band 

image cubes as input. 

The data description file specifies five multispectral bands acquired as TIFF imagery: 

Blue (475 nm center wavelength, 20 nm bandwidth), Green (560 nm, 20 nm), Red (668 nm, 

10 nm), Red-edge (717 nm, 10 nm), and NIR (840 nm, 40 nm). These five bands were re-

tained throughout the experiment because the visible, Red-edge, and NIR bands are used 

for canopy representation and vegetation-index calculation. 

The documentation also defines record-level acquisition metadata fields, including 

camera information, camera model, acquisition institution, acquisition date and time, 

place name, wind speed, cloud condition, flight altitude, image overlap, calibration-panel 

use, longitude, latitude, flight speed, flight direction, processing software, radiometric 

correction level, geometric correction level, coordinate reference system, and ground sam-

pling distance. For example, the data description file provides an image record acquired 

on 21 September 2022 in Segyo-ri, Baebang-eup, Asan-si, Chungcheongnam-do, using a 

MicaSense RedEdge-MX camera (MicaSense Inc., Seattle, WA, USA), with a reported 

flight altitude of 114 m and ground sampling distance of 8.0 cm/pixel. Because such values 

are record-level metadata rather than fixed dataset-wide conditions, they were used only 
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to document data provenance and acquisition context when explicitly available and were 

not used as model input variables. 

Acquisition Metadata and Documented Imaging Conditions 

The AI Hub data description file provides acquisition metadata at the image-record 

level. Table 1 summarizes the key acquisition metadata fields available for the cabbage 

UAV multispectral image records. These metadata were used to document data prove-

nance, acquisition context, and sensor characteristics, but they were not used as input var-

iables for the SR models. Because the public dataset contains images from multiple fields 

and dates, metadata values such as acquisition date, location, flight altitude, and ground 

sampling distance should be interpreted as record-specific values rather than fixed condi-

tions for the entire dataset. 

Table 1. Key acquisition metadata available for the AI Hub cabbage UAV multispectral image rec-

ords. 

Item AIHub Field (s) Example/Value 

Acquisition date/time POTO_DATE; BEGIN_TIME; END_TIME 
21 September 2022, 11:20–12:20; 24 August 2022, 

11:00–11:25 

Location PLACE_NM 
Asan-si, Chungcheongnam-do; Gangneung-si, 

Gangwon-do 

Coordinates ENVRN_LO; ENVRN_LA 127.094971, 36.763391; 128.795011, 37.566350 

Flight altitude POTO_ATTD 114 m; 170 m 

GSD RSOLTN 8.0 cm/pixel; 7.7 cm/pixel 

Camera CMRA_INFO; CMRA_NM 
MicaSense RedEdge-MX; MicaSense Altum 

(both MicaSense Inc., Seattle, WA, USA) 

File format FILE_FRMAT TIFF 

Weather WS; AMTCLD 5.4 m/s; partly cloudy or cloudy 

Flight operation FLYING_VE; FLYING_DRC 7–14; west-east or northeast-southwest 

Image overlap H_RDCY; V_RDCY 75%/75% 

Calibration panel CRPSHT Used 

Processing NM; RADLVL; GEOLVL; CNTM 

Pix4Dmapper (Pix4D SA, Lausanne, Switzer-

land; version not specified in the public dataset 

documentation); reflectance conversion; 

GNSS/GCP; EPSG:5179 

Crop annotation 
CTVT_CROPS_SPCHCKN; 

GRWH_STEP_CODE 
Cabbage; leaf expansion or heading stage 

Values are examples from the AI Hub data description file and inspected JSON records; they repre-

sent record-level metadata, not fixed conditions for the full dataset. 

Figure 1 summarizes the overall methodological workflow used in this study. The 

workflow begins with access-restricted AI Hub UAV multispectral imagery, constructs 

dataset-derived HR five-band cubes, generates controlled LR cubes for ×2, ×3, and ×4 scale 

factors, reconstructs SR outputs using joint five-channel and band-wise strategies, and 

evaluates the outputs using spatial, spectral, vegetation-index, band-wise, and computa-

tional metrics. 
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Figure 1. Overall workflow of the AI Hub-based five-band UAV multispectral super-resolution ex-

periment. Starting from dataset-derived HR cubes and controlled LR inputs at ×2, ×3, and ×4, nine 

SR methods are compared under joint five-channel and band-wise reconstruction and evaluated for 

spatial quality, spectral consistency, vegetation-index preservation, and computational efficiency. 

The color legend in panel (a) identifies the five spectral bands (Blue, Green, Red, Red-edge, and 

NIR); solid arrows indicate the main processing sequence, the dashed box marks the controlled low-

resolution generation step, and the green dashed arrows denote the evaluation feedback used for 

iterative refinement. 

2.2. Multispectral Image Representation 

Each multispectral image was represented as a five-channel image cube consisting of 

Blue, Green, Red, Red-edge, and near-infrared (NIR) bands. These bands were used be-

cause they jointly represent visible canopy information and crop-related spectral re-

sponses. The visible bands provide information on canopy color and surface structure, 

whereas Red-edge and NIR bands are important for vegetation-index calculation and crop 

vigor assessment. 

The HR and LR multispectral image cubes were organized as five-channel arrays, 

where H and W denote HR spatial dimensions, C is the number of spectral channels, and 

s is the SR scale factor. In this study, C was fixed to five and s was evaluated at ×2, ×3, and 

×4. LR cubes were generated using area-based downsampling with integer LR dimensions 

floor (H/s) × floor (W/s). Therefore, the 800 × 800 HR scenes produced exact LR dimensions 

of 400 × 400 for ×2 and 200 × 200 for ×4. For ×3, however, integer downsampling produced 

a 266 × 266 LR cube, and the natural ×3 SR grid was therefore 798 × 798 rather than 800 × 

800. To avoid forced 798-to-800 interpolation during metric calculation, the HR cube and 

its validity mask were center-cropped to the natural SR grid before ×3 quality checking, 

training-patch alignment, and final evaluation. The same center crop was applied to all 

five bands and all reconstruction methods, so ×3 metrics were computed from spatially 

matched HR-SR pairs. Because two border pixels were excluded in this process, ×3 was 

reported as a diagnostic condition rather than as a fully equivalent exact-scale condition. 
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The band order used throughout the experiment was Blue, Green, Red, Red-edge, 

and NIR. The same order was used for model input, model output, vegetation-index cal-

culation, band-wise evaluation, and visualization. 

The super-resolution task was formulated as learning a mapping function from LR 

multispectral imagery to SR multispectral imagery, as shown in Equation (1). The recon-

structed SR cube was compared with the HR cube in both image space and spectral-index 

space. 

𝑋̂ _𝑆𝑅^(𝑠) = 𝑓_𝜃(𝑋̂_𝐿𝑅^(𝑠)) (1) 

where X_hat_SR^(s) is the reconstructed SR cube, f_theta is the super-resolution mapping 

function, and theta denotes the learnable model parameters. 

2.3. Data Organization and File Structure 

The downloaded TIFF bands were reorganized into NumPy array files for efficient 

deep-learning training and evaluation. Each image cube was stored in height-by-width-

by-channel format using the fixed band order Blue, Green, Red, Red-edge, and NIR, and 

HR cubes were stored separately from controlled LR cubes. The five-band cubes were 

stored as pre-normalized reflectance-scale arrays in the [0, 1] range; consequently, no ad-

ditional per-patch normalization was applied during training or evaluation, and a 99.5th-

percentile stretch was used only for preview-image visualization. 

A scene index file was used to manage the relationship between each HR image and 

its corresponding LR images. For each scene, the index file stored the scene identifier, HR 

file path, and LR file paths for ×2, ×3, and ×4. This structure ensured that all reconstruction 

methods were evaluated on identical HR-LR scene pairs within each scale factor. 

Controlled LR generation was performed independently for each spectral band using 

area-based downsampling. For a scale factor s, the LR size was computed using integer 

division of the HR height and width by s. This procedure provides a reproducible degra-

dation setting. 

To test the robustness of the conclusions to the degradation assumption, an addi-

tional degradation setting was evaluated at ×4 in which low-resolution inputs were gen-

erated by Gaussian blurring followed by bicubic downsampling, as an alternative to area-

based downsampling. The two most balanced CNN models, EDSR and RCAN, together 

with the Transformer representative HAT, were retrained and evaluated under this blur-

plus-bicubic degradation in both joint and band-wise modes, and their performance and 

spectral-consistency trends were compared with the area-downsampling results. 

2.4. Data Validation and Valid-Pixel Masking 

Before training, all scene records were screened using deterministic data-integrity 

checks. A scene was retained only when the HR and LR files existed, the image cube had 

the expected three-dimensional five-channel structure, and the array did not contain NaN 

or Inf values. Records failing any of these file-existence, dimensionality, or finite-value 

checks were excluded before model training and evaluation. 

Valid-pixel masking was used so that loss calculation and metric evaluation focused 

on agricultural image regions rather than background or invalid image areas. Pixels iden-

tified as nodata or background were removed from loss calculation and metric evaluation 

using valid-pixel masks. The same masking procedure was applied consistently to all 

spectral bands, reconstruction methods, scale factors, and evaluation metrics. This design 

was used to prevent background or invalid regions from dominating the objective func-

tion and final quality scores. 
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For any pixel-wise error term e_i, masked averaging was performed using Equation 

(2). The small constant epsilon was added to avoid division by zero when a patch con-

tained very few valid pixels. 

𝐿_𝑚𝑎𝑠𝑘(𝑒) = (∑_(𝑖=1)^𝑁 𝑀_𝑖 𝑒_𝑖) / (∑_(𝑖=1)^𝑁 𝑀_𝑖 + 𝜀) (2) 

where L_mask(e) is the masked mean of the pixel-wise error e_i, M_i is the validity mask 

at pixel i, N is the number of evaluated pixels, and epsilon = 1 × 10−8 is a small constant for 

numerical stability. 

2.5. Data Split and Patch Sampling 

After invalid scenes were excluded, the remaining 14,463 valid scenes were randomly 

divided into training, validation, and test subsets using an approximately 70:15:15 ratio, 

yielding 10,124 training, 2169 validation, and 2170 test scenes. The training subset was 

used for parameter optimization, the validation subset was used for checkpoint selection, 

and the test subset was used only for final evaluation. A fixed random seed was used to 

improve reproducibility. Because the split was performed at the scene-record level rather 

than by field-, date-, or flight-level grouping, the evaluation should be interpreted as an 

internal scene-level benchmark under controlled degradation. The public dataset pro-

vides acquisition metadata at the individual image-record level without consistent field- 

or flight-level identifiers, so a strict acquisition-grouped split could not be constructed 

reliably; consequently, some train and test scenes may share acquisition-level similarity, 

and grouped external validation is left for future work. 

Patch-based training was adopted to increase the number of training samples and 

reduce GPU memory usage. During each training iteration, a scene was randomly selected 

from the training set, and a spatially aligned LR-HR patch pair was extracted. An HR 

patch size of 192 × 192 pixels was used (selected dynamically from candidate sizes be-

tween 24 and 192 pixels to remain compatible with each scale factor), with the correspond-

ing LR patch size of 192/s. 

Candidate patches were checked using the HR validity mask, finite-value criteria, 

and patch-quality filters before being accepted for training. Patches were rejected and 

resampled when they contained insufficient valid pixels, very low intensity variation, 

very low dynamic range, or excessive LR-upsampled-to-HR mismatch. Specifically, the 

patch-level filters required a patch valid-pixel ratio of at least 50% for both the HR and LR 

patches, an HR validity-mask coverage of at least 10%, a minimum patch standard devia-

tion of 0.003, a minimum 1st-to-99th percentile dynamic range of 0.010, and an LR-upsam-

pled-to-HR RMSE not exceeding 0.20. These deterministic filters were applied before 

model optimization so that all methods were trained on valid and spatially comparable 

LR-HR patch pairs; consequently, the reported performance represents the quality-con-

trolled valid-image subset rather than all possible low-information or poorly aligned im-

age regions. These threshold values were established empirically from preliminary in-

spection of the AI Hub cabbage scenes: the valid-pixel and standard-deviation limits re-

move near-empty or texture-less patches such as uniform soil or background, the dy-

namic-range limit removes low-information patches, and the LR-upsampled-to-HR RMSE 

limit removes spatially misaligned pairs; the same fixed thresholds were applied to all 

methods. 

2.6. Reconstruction Strategies 

Two reconstruction strategies were compared to evaluate the effect of inter-band 

learning. In joint five-channel reconstruction, the model received all five bands simulta-

neously and produced a five-channel SR cube in a single forward pass. This approach 

allows the network to learn spatial features together with spectral relationships among 
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Blue, Green, Red, Red-edge, and NIR bands. The joint reconstruction strategy is defined 

in Equation (3). 

𝑋̂  = 𝑓_𝜃(𝑋̂_𝐵𝑙𝑢𝑒, 𝑋̂_𝐺𝑟𝑒𝑒𝑛, 𝑋̂_𝑅𝑒𝑑, 𝑋̂_𝑅𝑒𝑑-𝑒𝑑𝑔𝑒, 𝑋̂_𝑁𝐼𝑅) (3) 

where the joint five-channel model receives all five spectral bands simultaneously and 

reconstructs the multispectral SR cube in a single network pass. 

In band-wise reconstruction, each spectral band was reconstructed independently 

using a single-channel model. The reconstructed bands were then concatenated in the 

original spectral order, as shown in Equation (4). This strategy was used as an ablation 

experiment to determine whether independent band reconstruction is sufficient or 

whether joint five-channel learning better preserves agricultural spectral relationships. 

𝑋̂  = 𝑐𝑜𝑛𝑐𝑎𝑡_(𝑐 ∈ 𝐵){ 𝑓_(𝜃_𝑐)(𝑋̂^𝑐) } (4) 

where concat denotes channel concatenation after independent band-wise reconstruction, 

X^c is the c-th spectral band, and f_theta_c is the band-specific SR model. 

2.7. Super-Resolution Methods 

The manuscript-level comparison included bicubic interpolation, SRCNN [23], EDSR 

[24], RCAN [25], SwinIR-based SR [12], and ESRGAN-based SR [26]. Bicubic interpolation 

was used as a deterministic non-learning baseline. The five learning-based methods were 

selected to represent shallow convolutional reconstruction, residual convolutional recon-

struction, channel-attention reconstruction, Transformer-inspired reconstruction, and ad-

versarial reconstruction, respectively. 

Bicubic interpolation estimates each high-resolution pixel from a 4 × 4 neighborhood 

of low-resolution pixels using a piecewise cubic convolution kernel. It contains no traina-

ble parameters and was included as a reference for smooth geometric upsampling without 

learned crop-specific reconstruction. 

SRCNN [23] was used as the shallow convolutional baseline. It operates on a bicubic-

upsampled low-resolution image and applies three convolutional stages corresponding 

to patch feature extraction, non-linear feature mapping, and final reconstruction. This 

compact three-layer design provides a reference model for evaluating the effect of deeper 

network architectures. 

EDSR [24] represented residual CNN super-resolution. It stacks residual blocks with-

out batch-normalization layers and performs upscaling through sub-pixel convolution 

near the output [11]. EDSR was included as a residual reconstruction model optimized 

primarily with reconstruction-oriented objectives. 

RCAN [25] extended residual reconstruction with a residual-in-residual structure 

and residual channel-attention blocks. The long and short skip connections allow low-

frequency information to bypass deeper transformations, while the channel-attention 

mechanism re-weights feature channels during reconstruction. This mechanism is rele-

vant for multispectral inputs, where visible, Red-edge, and NIR bands contribute differ-

ently to vegetation-index calculation. 

SwinIR-based SR [12] represented a Transformer-inspired image-restoration base-

line. The implemented model combined a shallow convolutional feature extractor, multi-

head self-attention blocks, and a final reconstruction module; therefore, it is referred to as 

SwinIR-based rather than a full reproduction of the original shifted-window SwinIR ar-

chitecture. A smaller inference tile size was used for this model during full-image recon-

struction because self-attention has higher computational cost for large spatial tokens. 

ESRGAN-based SR [26] represented adversarially guided super-resolution. Its gen-

erator was built from residual-in-residual dense blocks without batch normalization and 

adapted to five-band reflectance reconstruction. Generator pre-training used reflectance-
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space reconstruction with spectral and vegetation-index terms, and an adversarial objec-

tive was added after the pixel-wise pre-training stage. ESRGAN-based SR was included 

to examine how adversarial reconstruction behaves under spectral and vegetation-index 

evaluation. 

HAT-based SR [27] and DAT-based SR [28] were additionally included as recent 

(2023) attention-based state-of-the-art baselines. HAT combines channel attention with 

window-based self-attention within a hybrid attention block, whereas DAT alternates spa-

tial self-attention and transposed channel self-attention in a dual-aggregation design. Both 

were implemented as compact reimplementations configured for five-band input and 

trained under the same budget as the other learning-based models; they are therefore re-

ferred to as HAT-based and DAT-based rather than full reproductions of the original ar-

chitectures. To keep attention cost bounded, both used a smaller inference tile, as with the 

SwinIR-based model. 

DRCT-based SR [29] was additionally included as a recent (2024) state-of-the-art 

baseline. It starts from the same Swin-Transformer lineage as the SwinIR-based and HAT-

based models but targets a different limitation: the intensity of the feature maps is ab-

ruptly suppressed toward the end of a deep sequential stack, which acts as an information 

bottleneck and discards spatial detail. DRCT removes that bottleneck by connecting the 

layers of each group densely, so that every layer receives the group input together with 

all preceding layer outputs, reduced to a narrow working width by a 1 × 1 convolution; 

this is the residual-dense idea of RRDB applied to attention layers rather than to convolu-

tions. As with the other recent baselines, it was implemented as a compact reimplemen-

tation configured for five-band input and trained under the same budget as every other 

learning-based model, and is therefore referred to as DRCT-based rather than a full repro-

duction of the original architecture. The shifted-window attention of the original was re-

placed by the same global attention used by the SwinIR-based and HAT-based models so 

that the three share one attention implementation, and the model was evaluated on the 

same reduced inference tile as the other attention-based baselines. 

In addition, to separate the effect of model capacity from that of the reconstruction 

strategy, a widened joint five-channel EDSR variant, denoted EDSR-wide, was trained at 

×4 with its total trainable-parameter count matched to that of the five-model band-wise 

EDSR ensemble (Table 2); comparing EDSR-wide with the standard joint EDSR and the 

band-wise EDSR indicates how much of the band-wise spatial-accuracy advantage stems 

from parameter scale rather than independent reconstruction. 

Model adaptation. For all learning-based methods, the input channel dimension was 

set to five in joint five-channel reconstruction and to one in band-wise reconstruction, and 

the networks were trained from scratch using the loss formulation defined for each recon-

struction setting (Section 2.9). The residual-learning methods reconstructed high-fre-

quency detail on top of a bicubic-upsampled base image so that the networks estimated 

residual spatial detail rather than the entire high-resolution signal. 

All nine methods were evaluated at ×2, ×3, and ×4 scale factors whenever correspond-

ing outputs and checkpoints were available. Bicubic interpolation was evaluated directly 

without training, whereas the learning-based methods were trained or loaded from saved 

checkpoints and then evaluated under the same reconstruction-mode and scale-factor set-

tings. 

Detailed architecture configurations and trainable parameter counts are summarized 

in Table 2. The learning-based models were implemented as compact adaptations of their 

original architectures and configured for five-band input. Identical optimization settings 

were used for all models (Section 2.10). For band-wise reconstruction, the reported train-

able parameter count corresponds to the combined total of five independent single-chan-

nel models, one for each spectral band. Because all learning-based models were trained 
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from scratch under an identical and deliberately modest budget (Section 2.10) with com-

pact configurations, the results characterize relative behavior under a common controlled 

setting rather than the maximum attainable performance of each model family. In partic-

ular, the Transformer-inspired and adversarial baselines are compact reimplementations 

that may benefit more from larger training budgets, pre-training, or architecture-specific 

tuning; their results should therefore be interpreted as baselines under matched condi-

tions rather than as upper bounds for those approaches. 

Table 2. Architecture configuration and trainable parameter counts of the compared models. 

Method Architecture Summary 
Joint (5-Channel) Trainable 

Parameters 

Band-Wise Trainable Param-

eters (5 × 1-Channel) 

Bicubic 
Deterministic 4 × 4 cubic interpolation 

(non-learning) 
0 0 

SRCNN 
Three-layer shallow CNN on bicubic-

upsampled input 
81,221 286,405 

EDSR 
16 residual blocks, 96 features, sub-

pixel upsampling, no batch norm 
3,081,221 15,371,525 

RCAN 
6 residual groups × 6 residual chan-

nel-attention blocks, 96 features 
6,946,205 34,696,445 

SwinIR-based SR 

6 Transformer-inspired attention 

blocks, embed dim 96, 4 attention 

heads 

872,645 4,328,645 

ESRGAN-based SR 
6 residual-in-residual dense blocks, 64 

features, adversarial fine-tuning 
4,543,941 22,696,645 

HAT-based SR 
Compact hybrid attention transformer 

(channel + window self-attention) 
4,962,149 24,776,165 

DAT-based SR 

Compact dual-aggregation trans-

former (spatial + channel self-atten-

tion) 

2,926,917 14,600,005 

DRCT-based SR 

Compact dense-residual-connected 

transformer: attention layers joined by 

dense connections within each group 

2,930,693 14,618,885 

Parameter counts are trainable parameters as logged during training. Band-wise counts reflect five 

separate single-channel networks, one per spectral band. 

2.8. Vegetation Indices 

Because the reconstructed images are intended for agricultural analysis, vegetation-

index accuracy was explicitly considered. Three indices were calculated from the HR and 

SR image cubes: NDVI, GNDVI, and NDRE. NDVI uses Red and NIR bands, GNDVI uses 

Green and NIR bands, and NDRE uses Red-edge and NIR bands. These indices were 

treated as agricultural task-oriented proxy metrics because they directly test whether re-

constructed spectral relationships remain useful for crop monitoring. All three indices are 

reported quantitatively for both evaluated reconstruction settings in Section 3.4. 

NDVI was included because it is a foundational vegetation index for monitoring veg-

etation systems [30]. 

GNDVI was included because green-channel reflectance may support vegetation 

monitoring [31]. 

NDRE was included because red-edge information is useful for crop water stress, 

nitrogen status, and canopy-density-related assessment [32]. Comprehensive reviews 

summarize the development and ecological applications of optical vegetation indices [33]. 
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𝑁𝐷𝑉𝐼 = (𝑁𝐼𝑅 −  𝑅𝑒𝑑) / (𝑁𝐼𝑅 + 𝑅𝑒𝑑 + 𝜀) (5a) 

where NIR and Red denote the near-infrared and red reflectance values, respectively, and 

epsilon prevents division by zero. 

𝐺𝑁𝐷𝑉𝐼 = (𝑁𝐼𝑅 − 𝐺𝑟𝑒𝑒𝑛) / (𝑁𝐼𝑅 + 𝐺𝑟𝑒𝑒𝑛 + 𝜀) (5b) 

where NIR and Green denote the near-infrared and green reflectance values, respectively, 

and epsilon prevents division by zero. 

𝑁𝐷𝑅𝐸 = (𝑁𝐼𝑅 −  𝑅𝑒𝑑-𝑒𝑑𝑔𝑒) / (𝑁𝐼𝑅 + 𝑅𝑒𝑑-𝑒𝑑𝑔𝑒 + 𝜀) (5c) 

where NIR and Red-edge denote the near-infrared and red-edge reflectance values, re-

spectively, and epsilon prevents division by zero. 

The inclusion of vegetation-index terms was intended to prevent the model from op-

timizing only pixel-wise reflectance similarity. In multispectral crop imagery, small spec-

tral errors in Red-edge or NIR bands may cause large index errors, even when the recon-

structed image appears visually sharp. Reconstructed reflectance was bounded to a valid 

range by the model-output activation prior to index computation, and vegetation-index 

errors are additionally reported with reflectance clipped to [0, 1] to confirm that any out-

of-range values do not distort the index statistics. 

2.9. Loss Function 

The standard joint five-channel loss function was designed to jointly optimize radio-

metric accuracy, spatial detail, and spectral consistency. For joint five-channel reconstruc-

tion, the total loss combined pixel-wise reconstruction, robust reconstruction, structural 

similarity, gradient detail, Laplacian edge, frequency-domain, SAM, and vegetation-index 

terms, as defined in Equation (6). 

𝐿_𝑡𝑜𝑡𝑎𝑙 = 𝜆_1 𝐿_1 + 𝜆_𝑐ℎ𝑎𝑟 𝐿_𝑐ℎ𝑎𝑟 + 𝜆_𝑆𝑆𝐼𝑀 𝐿_𝑆𝑆𝐼𝑀 + 𝜆_𝑔 𝐿_𝑔𝑟𝑎𝑑 + 𝜆_𝑒 𝐿_𝑙𝑎𝑝 + 𝜆_𝑓 𝐿_𝑓𝑟𝑒𝑞 + 𝜆_𝑆𝐴𝑀 𝐿_𝑆𝐴𝑀 +  

𝜆_𝑉𝐼 𝐿_𝑉𝐼 
(6) 

where L_total is the total training objective, L_1, L_char, L_SSIM, L_grad, L_lap, L_freq, 

L_SAM, and L_VI are the reconstruction, spatial-detail, spectral-consistency, and vegeta-

tion-index loss terms, and each lambda denotes the corresponding loss weight. 

The loss weights were set to lambda_1 = 1.00, lambda_char = 0.50, lambda_SSIM = 

0.20, lambda_g = 0.15, lambda_e = 0.08, lambda_f = 0.03, lambda_SAM = 0.10, and 

lambda_VI = 0.10 for the standard five-channel SR loss. The masked L1 term was used as 

the primary reconstruction constraint, and the Charbonnier term complemented it as a 

robust penalty with reduced sensitivity to residual invalid pixels or extreme reflectance 

values. The remaining terms were used to constrain edge detail, structural similarity, fre-

quency-domain content, spectral angular consistency, and vegetation-index preservation. 

These weights were selected from preliminary validation-set tuning so that the auxiliary 

terms regularize the solution without overriding radiometric accuracy; the empirical in-

fluence of the spectral-angle and vegetation-index weights is examined in the loss-term 

ablation (Section 3.6). 

The gradient loss in Equation (7) was used to penalize differences in local spatial 

transitions such as leaf boundaries, canopy edges, and row patterns. The Laplacian edge 

and frequency-domain losses in Equation (8) were used to constrain second-order edge 

responses and high-frequency reconstruction. 

Laplacian pyramid super-resolution has previously shown that multi-scale edge/de-

tail constraints may improve reconstruction of high-resolution structure [34]. 

𝐿_𝑔𝑟𝑎𝑑 = ||𝛻_𝑥 𝑋̂  −  𝛻_𝑥 𝑋̂||_1 + ||𝛻_𝑦 𝑋̂  −  𝛻_𝑦 𝑋̂||_1 (7) 

where nabla_x and nabla_y are the horizontal and vertical first-order gradient operators, 

respectively, and ||.||_1 denotes the L1 norm. 
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𝐿_𝑙𝑎𝑝 = ||𝛥𝑋̂  −  𝛥𝑋̂||_1;     𝐿_𝑓𝑟𝑒𝑞 = ||𝑙𝑜𝑔(1 + |𝐹(𝑋̂ )|) −  𝑙𝑜𝑔(1 + |𝐹(𝑋̂)|)||_1 (8) 

where Delta denotes the Laplacian operator, F(.) denotes the Fourier transform, and the 

two terms penalize edge-response and frequency-domain differences between SR and HR 

images. 

The SAM loss in Equation (9) was used to constrain the angular relationship between 

HR and SR spectral vectors. Unlike pixel-wise losses, SAM measures spectral direction 

and was used to evaluate whether the relative relationship among bands was maintained; 

this follows the use of spectral angle mapping as a spectral-similarity measure in remote 

sensing [35]. Unlike the radiometric-consistency losses adopted in some satellite super-

resolution studies [19], which primarily constrain the absolute reflectance magnitude of 

the reconstruction, the spectral-angle term used here constrains the angular relationship 

among the five bands, so that the inter-band ratios underlying NDVI, GNDVI, and NDRE 

are preserved even when absolute magnitudes shift slightly. 

𝐿_𝑆𝐴𝑀 = (1/𝑁) ∑_(𝑖=1)^𝑁 𝑎𝑟𝑐𝑐𝑜𝑠((𝑥 _𝑖 ·  𝑥_𝑖) / (||𝑥 _𝑖||_2 ||𝑥_𝑖||_2 + 𝜀)) (9) 

where x_hat_i and x_i are the predicted and reference spectral vectors at valid pixel i, the 

dot operator denotes the inner product, ||.||_2 denotes the L2 norm, and epsilon prevents 

numerical instability. 

The vegetation-index loss in Equation (10) was calculated as the average index recon-

struction error of NDVI, GNDVI, and NDRE. This term was intended to constrain agri-

culturally meaningful spectral relationships; its empirical effect is examined in the loss-

term ablation (Section 3.6) using the vegetation-index formulations described in Section 

2.8. 

𝐿_𝑉𝐼 = (1/|𝑉|) ∑_(𝑣 ∈ 𝑉) ||𝑣(𝑋̂ ) −  𝑣(𝑋̂)||_1, 𝑉 = {𝑁𝐷𝑉𝐼, 𝐺𝑁𝐷𝑉𝐼, 𝑁𝐷𝑅𝐸} (10) 

where V is the set of vegetation-index functions used in the loss, v(.) denotes one selected 

vegetation-index operator, and ||.||_1 denotes the L1 error over valid pixels. 

To isolate the effects of spectral and vegetation-index constraints, a loss-term ablation 

was conducted for the joint five-channel learning-based models at the ×4 scale. Three re-

duced loss profiles were evaluated: L1, which used only the masked pixel-wise recon-

struction term; L1 + SAM, which added the spectral-angle constraint to the L1 term; and 

L1 + SAM + VI, which further added the vegetation-index constraint based on NDVI, 

GNDVI, and NDRE. The ablation was restricted to joint five-channel reconstruction be-

cause SAM and vegetation-index losses require multi-band spectral vectors. The results 

of this analysis are reported in Section 3.6. 

For single-channel band-wise models, the SAM and vegetation-index terms were 

omitted because they require multi-band spectral relationships that are not available 

within an independent single-band forward pass. Band-wise models were therefore 

trained under their feasible single-channel loss setting, using the reconstruction and spa-

tial-detail terms only, namely the L1, Charbonnier, SSIM, gradient, Laplacian, and fre-

quency-domain losses. Consequently, the joint and band-wise comparison should be in-

terpreted as a practical comparison between reconstruction strategies under feasible loss 

formulations, rather than as a complete isolation of reconstruction mode from loss design. 

To isolate the effect of the reconstruction mode from that of the loss formulation, a 

joint five-channel model was additionally trained at ×4 using only the spatial and detail 

loss terms available to the single-channel band-wise models (masked L1, Charbonnier, 

SSIM, gradient, Laplacian, and frequency losses), with the SAM and vegetation-index 

terms removed. Comparing this spatial-only joint model with the full-loss joint model and 

with the band-wise model separates the contribution of the spectral (SAM/VI) loss terms 

from that of joint reconstruction itself. 
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2.10. Model Training Configuration 

All learning-based models were implemented in PyTorch 2.7 (Linux Foundation, San 

Francisco, CA, USA) and trained from scratch on a single NVIDIA RTX PRO 6000 Black-

well Max-Q Workstation Edition (96 GB GDDR6; NVIDIA Corporation, Santa Clara, CA, 

USA) using automatic mixed precision [36]. The AdamW optimizer [37], a decoupled-

weight-decay variant of Adam [38], was used with a learning rate of 1 × 10−4 and a weight 

decay of 1 × 10−6, and a cosine annealing learning-rate schedule [39] was applied over the 

training horizon. Models were trained for up to 50 epochs with 1000 randomly sampled 

patches per epoch and a batch size of 16, and early stopping (patience of 10 epochs, mini-

mum improvement of 1 × 10−5 in validation loss) was used to terminate training once the 

validation loss stopped improving. Gradient clipping with a maximum norm of 1.0 and a 

fixed random seed of 42 were applied for numerical stability and reproducibility. For each 

model, the checkpoint with the lowest validation loss was retained and reloaded for final 

test evaluation. For the ESRGAN-based model, adversarial training was enabled after a 

20-epoch pixel-wise pre-training stage with an adversarial loss weight of 1 × 10−3. 

2.11. Full-Image Inference 

During testing, each LR image was reconstructed as a full-size SR image. Because 

full-scene images may be larger than the training patches, tile-based inference was used. 

LR tiles of 192 × 192 pixels were extracted with a 12-pixel overlap, passed through the 

corresponding reconstruction model, and accumulated into the output canvas using over-

lap averaging. A smaller tile of 64 × 64 pixels with an 8-pixel overlap was used for the 

SwinIR-based model because self-attention has a higher computational cost for large spa-

tial tokens. 

This averaging strategy reduces discontinuities at tile boundaries and allows the 

trained patch-based model to be applied to full UAV scenes. If the reconstructed output 

size differed from the HR target size because of scale-factor dimension mismatch, the SR 

output was aligned to the HR grid before metric calculation. 

2.12. Evaluation Metrics 

The reconstructed images were evaluated using image-quality, spectral, vegetation-

index, band-wise, and computational metrics. General image-quality performance was 

measured using RMSE, MAE, PSNR, and SSIM. PSNR was computed per scene using a 

scene-dependent data range (the 99.5th percentile of the valid high-resolution reflectance 

in each scene) and then averaged across the test scenes. SSIM was included because it 

measures luminance, contrast, and structural similarity rather than only pixel-wise error 

[40]. Because this scene-dependent data range departs from the fixed peak value used in 

most SR studies, a standard PSNR computed over the full [0, 1] reflectance range with a 

peak value of 1.0 is also reported alongside the scene-dependent PSNR in Table 3; across 

the test set, it is systematically about 2.2 dB higher than the scene-dependent PSNR, and 

this standard value is used when comparing with prior work. 

Table 3. Core reconstruction performance of the nine methods. Values are mean values over n = 

2170 test scenes per scale-mode combination. Metrics: RMSE (reflectance-scale, unitless), PSNR (dB, 

scene-dependent), PSNR (std) (dB, full [0, 1] range with peak 1.0), SSIM (0–1), SAM (degrees), Mean 

VI MAE (unitless). Lower is better for RMSE, SAM, and Mean VI MAE; higher is better for PSNR 

and SSIM. Within each scale and reconstruction mode, the row of the method holding the largest 

number of best values is lightly shaded; ties are resolved by RMSE. 

Scale Mode Method RMSE PSNR PSNR (std) SSIM SAM 
Mean VI 

MAE 
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×2 

Joint 5-chan-

nel 

Bicubic 0.0105 38.17 40.35 0.948 0.656 0.0083 

SRCNN 0.0111 38.38 40.56 0.959 0.635 0.0079 

EDSR 0.0109 38.68 40.86 0.961 0.614 0.0076 

RCAN 0.0115 38.56 40.74 0.962 0.607 0.0075 

SwinIR-based SR 0.0107 38.58 40.76 0.960 0.626 0.0077 

ESRGAN-based SR 0.0128 37.03 39.21 0.939 1.014 0.0121 

HAT-based SR 0.0104 39.19 41.37 0.961 0.623 0.0078 

DAT-based SR 0.0105 39.18 41.36 0.962 0.622 0.0077 

DRCT-based SR 0.0102 39.26 41.43 0.962 0.617 0.0077 

Band-wise 

Bicubic 0.0105 38.17 40.35 0.948 0.656 0.0083 

SRCNN 0.0099 39.13 41.31 0.962 0.599 0.0073 

EDSR 0.0098 39.22 41.40 0.963 0.594 0.0072 

RCAN 0.0099 39.23 41.41 0.963 0.595 0.0072 

SwinIR-based SR 0.0096 39.19 41.37 0.961 0.602 0.0074 

ESRGAN-based SR 0.0105 38.69 40.87 0.960 0.665 0.0080 

HAT-based SR 0.0098 39.53 41.71 0.963 0.605 0.0076 

DAT-based SR 0.0097 39.58 41.76 0.963 0.604 0.0076 

DRCT-based SR 0.0096 39.62 41.79 0.963 0.601 0.0075 

×3 

Joint 5-chan-

nel 

Bicubic 0.0250 30.51 32.69 0.789 1.339 0.0176 

SRCNN 0.0256 30.25 32.43 0.817 1.320 0.0172 

EDSR 0.0367 27.07 29.25 0.692 1.794 0.0243 

RCAN 0.0372 26.97 29.15 0.692 1.831 0.0245 

SwinIR-based SR 0.0360 27.23 29.41 0.695 1.774 0.0241 

ESRGAN-based SR 0.0385 26.70 28.88 0.674 1.985 0.0260 

HAT-based SR 0.0254 30.58 32.76 0.823 1.326 0.0175 

DAT-based SR 0.0254 30.59 32.77 0.823 1.325 0.0175 

DRCT-based SR 0.0254 30.58 32.75 0.823 1.319 0.0174 

Band-wise 

Bicubic 0.0250 30.51 32.69 0.789 1.339 0.0176 

SRCNN 0.0246 30.52 32.70 0.820 1.315 0.0171 

EDSR 0.0360 27.22 29.40 0.693 1.858 0.0246 

RCAN 0.0364 27.14 29.32 0.695 1.859 0.0245 

SwinIR-based SR 0.0361 27.18 29.36 0.693 1.850 0.0246 

ESRGAN-based SR 0.0365 27.10 29.28 0.690 1.895 0.0250 

HAT-based SR 0.0247 30.80 32.98 0.825 1.317 0.0174 

DAT-based SR 0.0250 30.69 32.87 0.825 1.321 0.0174 

DRCT-based SR 0.0249 30.74 32.92 0.824 1.318 0.0174 

×4 

Joint 5-chan-

nel 

Bicubic 0.0278 29.60 31.78 0.719 1.455 0.0192 

SRCNN 0.0266 29.93 32.11 0.768 1.375 0.0178 

EDSR 0.0255 30.43 32.61 0.785 1.334 0.0172 

RCAN 0.0257 30.39 32.57 0.786 1.344 0.0173 

SwinIR-based SR 0.0273 29.76 31.94 0.766 1.399 0.0182 

ESRGAN-based SR 0.0301 29.22 31.40 0.744 1.670 0.0206 

HAT-based SR 0.0269 30.22 32.40 0.774 1.408 0.0185 

DAT-based SR 0.0271 30.17 32.35 0.774 1.397 0.0183 

DRCT-based SR 0.0265 30.28 32.45 0.775 1.394 0.0183 

Band-wise 

Bicubic 0.0278 29.60 31.78 0.719 1.455 0.0192 

SRCNN 0.0262 30.06 32.24 0.767 1.391 0.0180 

EDSR 0.0243 30.77 32.95 0.782 1.400 0.0179 

RCAN 0.0248 30.67 32.85 0.784 1.399 0.0177 

SwinIR-based SR 0.0244 30.66 32.84 0.772 1.474 0.0190 

ESRGAN-based SR 0.0264 30.16 32.34 0.767 1.463 0.0186 
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HAT-based SR 0.0239 31.15 33.33 0.782 1.490 0.0193 

DAT-based SR 0.0240 31.11 33.29 0.781 1.482 0.0193 

DRCT-based SR 0.0244 30.98 33.16 0.780 1.473 0.0192 

Spectral consistency was evaluated using SAM in degrees, following spectral angle 

mapping used for spectral similarity assessment in remote sensing [35]. Lower SAM val-

ues indicate smaller angular differences between HR and SR spectral vectors across the 

five bands. The SAM metric is reported in degrees, whereas the SAM loss term in Equation 

(9) is computed on the native angular quantity in radians. 

Vegetation-index errors were calculated as the MAE between HR and SR index maps, 

as defined in Equation (11). This metric was calculated separately for NDVI, GNDVI, and 

NDRE to evaluate whether the SR outputs preserved the vegetation-index information 

defined in Section 2.8. 

𝐸_𝑉𝐼 = (1/𝑁) ∑_(𝑖 = 1)^𝑁 |𝑉𝐼(𝑋̂ )_𝑖 −  𝑉𝐼(𝑋̂)_𝑖|, 𝑉𝐼 ∈  {𝑁𝐷𝑉𝐼, 𝐺𝑁𝐷𝑉𝐼, 𝑁𝐷𝑅𝐸} (11) 

where E_VI is the vegetation-index error, VI(.) denotes NDVI, GNDVI, or NDRE, and N 

is the number of evaluated valid pixels in the vegetation-index map. 

Band-wise RMSE, MAE, and PSNR were computed separately for Blue, Green, Red, 

Red-edge, and NIR bands to quantify band-specific reconstruction behavior. Computa-

tional efficiency was evaluated using wall-clock SR reconstruction time, total evaluation 

time, and throughput. All methods were evaluated on the same n = 2170 test scenes per 

scale-mode combination, so method differences were assessed as scene-level paired com-

parisons within the same evaluation set. 

To assess noise robustness, zero-mean Gaussian noise with standard deviation σ = 

0.01 and 0.03 in reflectance units was added to the ×4 low-resolution test inputs at infer-

ence time, without retraining. EDSR, RCAN, ESRGAN-based SR, and HAT-based SR were 

evaluated under these noisy inputs, and the resulting degradation in RMSE, SAM, and 

mean vegetation-index MAE was used to compare the noise robustness of convolutional, 

adversarial, and Transformer-based reconstruction. 

2.13. Statistical Analysis 

Paired Wilcoxon signed-rank tests were conducted on the 2170 test scenes. For the 

primary comparisons of interest, particularly the ×4 scale and agricultural spectral met-

rics, exact p-values, 95% confidence intervals, and rank-biserial correlation effect sizes 

were reported. All tests used a two-tailed alpha level of 0.05. Because the full comparison 

space included multiple methods, scale factors, reconstruction modes, and metrics, the 

statistical results were interpreted together with effect magnitude and metric-specific rel-

evance rather than by significance thresholds alone. 

3. Results 

3.1. Evaluation Set 

The final evaluation comprised nine reconstruction methods, three scale factors, and 

two reconstruction modes, producing 54 scale-mode-method combinations. Each combi-

nation was evaluated on the same n = 2170 test-scene records, so the reported mean values 

represent paired comparisons over an identical evaluation set. The compared methods 

included deterministic interpolation (Bicubic), shallow CNN reconstruction (SRCNN), re-

sidual CNN reconstruction (EDSR), attention-based residual CNN reconstruction 

(RCAN), a Transformer-inspired attention baseline (SwinIR-based SR), adversarial recon-

struction (ESRGAN-based SR), two recent attention-based transformers (HAT-based SR 

and DAT-based SR), and a dense-residual-connected transformer (DRCT-based SR). 
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Because all methods used the same test scenes within each scale factor and recon-

struction mode, differences among methods were not confounded by changes in evalua-

tion sample composition. The results are therefore interpreted primarily from the direc-

tion and magnitude of metric differences, with particular attention to whether improve-

ments were consistent across spatial, spectral, vegetation-index, and band-wise criteria. 

The ×2 and ×4 conditions provide the cleanest geometric comparison because the 

original 800 × 800 HR scene size is exactly divisible by two and four. The ×3 condition was 

retained as a diagnostic condition because it required explicit matching between the HR 

reference and reconstructed SR grid. Accordingly, ×2 and ×4 are emphasized for model 

interpretation, while ×3 is reported to show behavior under a less exact scale relationship. 

3.2. Spatial Reconstruction Quality 

At ×2, reconstruction errors were low, and the differences among the stronger learn-

ing-based methods were narrow (Table 3). In the band-wise mode, SwinIR-based and 

DRCT-based SR produced the lowest RMSE (0.0096), but EDSR (0.0098), SRCNN (0.0099), 

and RCAN (0.0099) were very close. DRCT-based SR obtained the highest PSNR (39.62 

dB), with RCAN highest on SSIM (0.963), indicating that the leading learned models 

formed a close performance group rather than a clearly separated winner at moderate 

upscaling. Standard PSNR values, computed over the full [0, 1] reflectance range and re-

ported alongside the scene-dependent PSNR in Table 3, were consistently about 2.2 dB 

higher across all methods, scales, and reconstruction modes, providing values directly 

comparable with prior super-resolution studies. 

Compared with bicubic interpolation, the ×2 band-wise learned models gave modest 

but consistent gains in structural quality. Bicubic produced RMSE, PSNR, and SSIM val-

ues of 0.0105, 38.17 dB, and 0.948, respectively, whereas the strongest learned models 

maintained SSIM values above 0.962. These improvements suggest that learning-based 

reconstruction may recover additional local structure at ×2, although the absolute metric 

differences were small. 

In the joint five-channel mode at ×2, bicubic interpolation retained one of the lowest 

RMSE values (0.0105), with DRCT-based SR (0.0102) and HAT-based SR (0.0104) margin-

ally lower; the learning-based CNN models did not outperform interpolation on RMSE at 

×2 (their ×2 advantage was limited to structural and spectral criteria, with clear RMSE 

gains emerging only at ×4), but the learned models improved other criteria. DRCT-based 

SR achieved the highest PSNR (39.26 dB), whereas RCAN obtained the best SSIM (0.962), 

lowest SAM (0.607 degrees), and lowest mean VI MAE (0.0075). ESRGAN-based SR 

showed weaker joint ×2 spectral behavior, with a higher SAM of 1.014 degrees, indicating 

that adversarially guided sharpening was less favorable when spectral fidelity was prior-

itized. 

The ×3 condition showed a different pattern. SRCNN obtained the lowest band-wise 

RMSE (0.0246) and highest band-wise SSIM (0.820), while bicubic interpolation remained 

very close in RMSE (0.0250) and PSNR (30.51 dB). Because ×3 required explicit spatial 

alignment from the 800 × 800 HR grid, this result is interpreted as a diagnostic-condition 

outcome rather than as evidence that interpolation should be preferred more broadly. 

Several deeper models produced larger ×3 errors, with band-wise EDSR increasing 

to RMSE 0.0360 and SSIM 0.693. The joint five-channel results showed a similar tendency, 

where SRCNN achieved RMSE 0.0256 while SwinIR-based SR and other deeper models 

were closer to RMSE 0.0360 or higher. 

At ×4, the reconstruction task became more discriminative. In the band-wise mode, 

HAT-based SR produced the lowest RMSE (0.0239) and highest PSNR (31.15 dB), with 

EDSR close (0.0243, 30.77 dB), while RCAN achieved the highest SSIM (0.784) and the best 

overall quality rank. Relative to bicubic interpolation (RMSE 0.0278), EDSR reduced band-
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wise RMSE by 12.6% (0.0278→0.0243), demonstrating the clear benefit of learned residual 

reconstruction under the strongest magnification. 

In the joint five-channel mode at ×4, EDSR and RCAN were the leading models. EDSR 

achieved RMSE 0.0255, PSNR 30.43 dB, and mean VI MAE 0.0172, whereas RCAN 

achieved the highest SSIM (0.786) and a nearly identical mean VI MAE (0.0173). Relative 

to joint bicubic RMSE (0.0278), joint EDSR reduced RMSE by 8.3% (0.0278→0.0255). Note 

that band-wise EDSR achieved a larger absolute improvement (12.6%) than joint EDSR 

(8.3%), suggesting that preserving inter-band relationships during reconstruction comes 

at a small cost to individual band fidelity; however, joint reconstruction better preserves 

spectral consistency for VI applications. 

The three recent transformer baselines, HAT-based, DAT-based, and DRCT-based 

SR, achieved the strongest pixel-wise reconstruction scores, although at different scale fac-

tors. At ×2, DRCT-based SR reached the highest PSNR in both modes (39.26 and 39.62 dB), 

the lowest joint RMSE (0.0102), and matched the lowest band-wise RMSE (0.0096); at ×4 

band-wise reconstruction, HAT-based and DAT-based SR reached RMSE values of 0.0239 

and 0.0240 and PSNR values of 31.15 and 31.11 dB, the best pixel-fidelity scores among all 

methods and slightly ahead of EDSR and RCAN. However, none of them improved spec-

tral-angle or vegetation-index preservation: the ×4 band-wise SAM values of HAT-based, 

DAT-based and DRCT-based SR were 1.490, 1.482 and 1.473 degrees, all higher than the 

1.400 and 1.399 degrees of EDSR and RCAN, and at ×2 joint reconstruction the 0.617 de-

grees of DRCT-based SR likewise exceeded the 0.607 degrees of RCAN. Under the delib-

erately modest and equalized training budget, these recent attention-based models there-

fore led on pixel-fidelity metrics but did not surpass the residual and channel-attention 

CNNs on spectral consistency, consistent with the sensitivity of transformer models to 

training budget and pre-training. 

In summary, the recent attention-based transformers achieved the best pixel-fidelity 

scores at ×2 and in the ×4 band-wise mode; EDSR was the strongest model in the ×4 joint 

five-channel mode, and at ×2 the learning-based CNN models did not outperform bicubic 

interpolation on RMSE. Learning-based gains in spatial reconstruction were therefore 

clearest at ×4, whereas ×3 remained a diagnostic condition. 

3.3. Spectral Consistency and Vegetation-Index Preservation 

Vegetation-index preservation showed that the best pixel-wise model was not always 

the best agricultural model. At ×2 band-wise reconstruction, RCAN produced the lowest 

mean VI MAE (0.0072), while EDSR produced the lowest SAM (0.594 degrees). The differ-

ences among the leading CNN-based models were small, but they were consistently more 

favorable than bicubic interpolation and ESRGAN-based SR, indicating that moderate SR 

may improve agricultural index preservation when spectral fidelity is maintained. 

At ×4, spectral and vegetation-index preservation became more discriminative (Table 

4). In the band-wise mode, RCAN produced the lowest mean VI MAE (0.0177), closely 

followed by EDSR (0.0179); the difference was small in absolute magnitude (0.0002 in 

mean VI MAE), and the per-scene paired comparisons reported below indicate that such 

top-model gaps are statistically detectable but minor in practical terms. In the joint five-

channel mode, EDSR produced the lowest mean VI MAE (0.0172), with RCAN nearly 

identical (0.0173). The small separation between EDSR and RCAN across metrics indicates 

a shared advantage of residual and attention-enhanced CNN reconstruction, with differ-

ences driven more by reconstruction strategy (joint vs. band-wise) than by architectural 

novelty. 

To test whether these differences were consistent across scenes, paired Wilcoxon 

signed-rank tests with bootstrap 95% confidence intervals (CIs) and rank-biserial effect 

sizes (r) were computed over the 2170 test scenes (records with RMSE ≥ 1 excluded 
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pairwise). At ×4 band-wise reconstruction, the learning-based models reduced per-scene 

RMSE relative to bicubic interpolation with a large effect (EDSR vs. bicubic: median 

ΔRMSE = −0.0038, 95% CI [−0.0040, −0.0037], r = −0.96, p < 0.001). In contrast, differences 

among the leading CNN models were statistically detectable but small in magnitude 

(band-wise EDSR vs. RCAN: median ΔRMSE = +0.00016, 95% CI [+0.00014, +0.00016], r = 

+0.77, p < 0.001; joint EDSR vs. RCAN: median ΔRMSE = +0.00003, 95% CI [+0.00002, 

+0.00003], r = +0.16, p < 0.001). The per-scene RMSE distributions (Figure 2) overlap sub-

stantially among the leading models while remaining clearly below bicubic. Given the 

large sample size, these p-values should be interpreted together with the effect sizes, 

which indicate a substantive improvement over interpolation but only a minor practical 

separation among the top residual and attention-based models. 

Across all scale factors and reconstruction modes, records with RMSE ≥ 1 were ex-

cluded only for bicubic interpolation, amounting to about 104 of the 2170 test scenes, or 

4.8%; all learning-based methods produced no such records, indicating that the exclusions 

reflect a few high-error boundary scenes that only the non-learning interpolator fails to 

reconstruct. 

 

Figure 2. Distribution of per-scene RMSE at ×4 (band-wise reconstruction) for the nine compared 

methods, excluding records with RMSE ≥ 1. Boxes denote the interquartile range, the orange line 

marks the median, and the whiskers extend to 1.5 times the interquartile range; scenes beyond the 

whiskers are not plotted. The learning-based models lower both the median and the spread relative 

to bicubic interpolation, while the leading CNN models remain closely grouped. 

The Red-edge and NIR bands were examined separately because they directly influ-

ence NDRE, NDVI, and crop-vigor interpretation. At ×4 band-wise reconstruction, RCAN 

reduced Red-edge RMSE to 0.0193 and NIR RMSE to 0.0428, compared with bicubic val-

ues of 0.0215 and 0.0542, respectively. This corresponds to a 10.2% reduction in Red-edge 

RMSE and a 21.0% reduction in NIR RMSE, showing that model choice can materially 

affect agriculturally important spectral bands. Even so, the NIR band retained the highest 

band-wise reconstruction error, indicating that NIR reconstruction remained the most 

challenging band. 

ESRGAN-based SR was generally less stable for spectral and vegetation-index 

preservation, especially in joint five-channel reconstruction where its ×2 SAM reached 

1.014 degrees. This pattern is consistent with adversarial reconstruction emphasizing vis-

ually plausible detail while allowing larger deviations in physically meaningful spectral 

relationships. For multispectral crop monitoring, such deviations are important because 

small band-ratio changes may propagate into NDVI, NDRE, and field-level interpretation. 

In summary, the ranking by spectral criteria differed from the ranking by pixel fidel-

ity. At ×4, RCAN and EDSR produced the lowest spectral angle and mean vegetation-
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index error in both reconstruction modes, whereas the models that led on RMSE and 

PSNR, including the 2024 DRCT-based baseline, showed higher spectral-angle and vege-

tation-index errors. RCAN also gave the largest Red-edge and NIR improvements over 

bicubic (10.2% and 21.0% at ×4 band-wise). Model selection for vegetation-index work 

therefore cannot rely on pixel-fidelity metrics alone. 

Table 4. Red-edge and NIR reconstruction accuracy (reflectance-scale, unitless). Lower values are 

better. These bands are reported separately because they directly affect NDRE, NDVI, and crop-

vigor interpretation. Within each scale and reconstruction mode, the row of the method holding the 

largest number of best values is lightly shaded; ties are resolved by Red-edge RMSE. 

Scale Mode Method 
Red-Edge 

RMSE 
NIR RMSE NDVI MAE GNDVI MAE NDRE MAE 

×2 

Joint 5-chan-

nel 

Bicubic 0.0087 0.0198 0.0082 0.0084 0.0082 

SRCNN 0.0097 0.0175 0.0076 0.0081 0.0079 

EDSR 0.0085 0.0175 0.0072 0.0078 0.0076 

RCAN 0.0104 0.0177 0.0071 0.0078 0.0076 

SwinIR-based SR 0.0089 0.0174 0.0074 0.0080 0.0078 

ESRGAN-based 

SR 
0.0110 0.0201 0.0138 0.0117 0.0109 

HAT-based SR 0.0082 0.0181 0.0076 0.0079 0.0078 

DAT-based SR 0.0083 0.0183 0.0076 0.0078 0.0078 

DRCT-based SR 0.0078 0.0181 0.0076 0.0078 0.0077 

Band-wise 

Bicubic 0.0087 0.0198 0.0082 0.0084 0.0082 

SRCNN 0.0075 0.0158 0.0067 0.0078 0.0075 

EDSR 0.0074 0.0155 0.0065 0.0077 0.0075 

RCAN 0.0074 0.0154 0.0065 0.0077 0.0075 

SwinIR-based SR 0.0075 0.0160 0.0070 0.0078 0.0075 

ESRGAN-based 

SR 
0.0079 0.0162 0.0074 0.0081 0.0086 

HAT-based SR 0.0073 0.0172 0.0073 0.0077 0.0077 

DAT-based SR 0.0072 0.0172 0.0073 0.0077 0.0077 

DRCT-based SR 0.0072 0.0172 0.0073 0.0077 0.0076 

×3 

Joint 5-chan-

nel 

Bicubic 0.0194 0.0482 0.0199 0.0166 0.0163 

SRCNN 0.0203 0.0464 0.0194 0.0164 0.0159 

EDSR 0.0283 0.0693 0.0287 0.0224 0.0217 

RCAN 0.0285 0.0696 0.0288 0.0226 0.0221 

SwinIR-based SR 0.0273 0.0684 0.0286 0.0223 0.0214 

ESRGAN-based 

SR 
0.0298 0.0715 0.0305 0.0238 0.0236 

HAT-based SR 0.0196 0.0480 0.0197 0.0165 0.0161 

DAT-based SR 0.0196 0.0480 0.0197 0.0165 0.0162 

DRCT-based SR 0.0197 0.0480 0.0196 0.0164 0.0161 

Band-wise 

Bicubic 0.0194 0.0482 0.0199 0.0166 0.0163 

SRCNN 0.0189 0.0452 0.0190 0.0164 0.0159 

EDSR 0.0271 0.0684 0.0286 0.0228 0.0224 

RCAN 0.0273 0.0680 0.0285 0.0228 0.0224 

SwinIR-based SR 0.0272 0.0681 0.0286 0.0227 0.0223 

ESRGAN-based 

SR 
0.0273 0.0677 0.0291 0.0230 0.0228 

HAT-based SR 0.0187 0.0471 0.0195 0.0165 0.0160 

DAT-based SR 0.0187 0.0471 0.0196 0.0165 0.0161 
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DRCT-based SR 0.0187 0.0472 0.0196 0.0165 0.0161 

×4 

Joint 5-chan-

nel 

Bicubic 0.0215 0.0542 0.0219 0.0180 0.0177 

SRCNN 0.0210 0.0494 0.0198 0.0170 0.0166 

EDSR 0.0207 0.0462 0.0189 0.0165 0.0161 

RCAN 0.0203 0.0464 0.0190 0.0166 0.0162 

SwinIR-based SR 0.0212 0.0501 0.0205 0.0173 0.0169 

ESRGAN-based 

SR 
0.0252 0.0527 0.0225 0.0196 0.0197 

HAT-based SR 0.0211 0.0505 0.0210 0.0174 0.0171 

DAT-based SR 0.0213 0.0507 0.0208 0.0173 0.0169 

DRCT-based SR 0.0202 0.0500 0.0207 0.0173 0.0169 

Band-wise 

Bicubic 0.0215 0.0542 0.0219 0.0180 0.0177 

SRCNN 0.0201 0.0482 0.0195 0.0173 0.0171 

EDSR 0.0194 0.0433 0.0184 0.0177 0.0175 

RCAN 0.0193 0.0428 0.0183 0.0177 0.0172 

SwinIR-based SR 0.0202 0.0438 0.0197 0.0182 0.0191 

ESRGAN-based 

SR 
0.0204 0.0453 0.0194 0.0181 0.0183 

HAT-based SR 0.0197 0.0434 0.0201 0.0185 0.0194 

DAT-based SR 0.0197 0.0438 0.0203 0.0184 0.0193 

DRCT-based SR 0.0197 0.0446 0.0203 0.0183 0.0191 

3.4. Visual Comparison 

Representative visual comparisons were used to check whether the quantitative 

trends also appeared as spatial patterns relevant to crop monitoring. The selected scene 

contains repeated crop rows, soil–background transitions, and canopy texture, making it 

suitable for inspecting row continuity, field-boundary detail, and vegetation-index con-

sistency across scale factors (Figures 3–7). 

 

Figure 3. Joint five-channel RGB reconstruction for the selected scene at ×2, ×3, and ×4. Rows corre-

spond to the scale factor and columns to the HR reference, the LR input, and the nine methods 

(Bicubic, SRCNN, EDSR, RCAN, SwinIR-based SR, ESRGAN-based SR, HAT-based SR, DAT-based 

SR, and DRCT-based SR). At the full-scene scale, the methods look broadly similar; their differences 

are clearest in the zoomed comparison (Figure 5). 

The full-scene RGB and false-color views (Figures 3 and 4) mainly provide scene-

level qualitative confirmation of the quantitative trends, as the leading methods show no 

large visible differences at this scale. Such differences become clearest in the labeled 

zoomed ×4 comparison (Figure 5), where bicubic interpolation produces overly smooth 

crop-row transitions, whereas EDSR and RCAN preserve finer canopy texture and row 
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definition; at ×2, the learning-based methods are visually close to the HR reference. Visual 

appearance alone, however, does not fully reflect spectral or vegetation-index reliability, 

as shown by the joint and band-wise VI error maps in Figures 6 and 7. This disconnect 

between RGB appearance and spectral fidelity underscores the need for evaluation be-

yond visual inspection. 

 

Figure 4. Joint five-channel false-color reconstruction for the selected scene at ×2, ×3, and ×4, with 

the same row and column arrangement as Figure 3. The false-color view emphasizes Red-edge and 

NIR canopy responses, and differences among the leading methods remain subtle at this full-scene 

scale. 

 

Figure 5. Labeled zoomed RGB comparison for the selected scene at ×2, ×3, and ×4, using the same 

layout as Figure 3. This closer view most clearly reveals the differences in edge sharpness, canopy 

texture, and crop-row recovery, particularly at ×4. 

The joint five-channel per-band error maps (Figure 6) show where the reconstructed 

reflectance deviates from the HR reference across the Blue, Green, Red, Red-edge, and 

NIR bands. The errors are generally small and concentrate along crop rows, soil gaps, and 

field boundaries, with the largest residuals in the NIR band. 

The band-wise per-band error maps (Figure 7), plotted on the same color scale, allow 

a direct comparison with the joint mode (Figure 6); both modes yield small and spatially 

similar errors, with the NIR band showing the largest deviations. Together, Figures 6 and 

7 provide a spatial counterpart to the quantitative band-wise reconstruction errors re-

ported in Tables 3 and 4. 

In summary, the visual comparisons confirm the quantitative trends but cannot re-

place them. Differences among the leading methods are clearly visible only in the zoomed 

×4 view, and the per-band error maps show that the largest residuals occur in the NIR 

band, which the RGB appearance of the reconstructions does not reveal. 
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Figure 6. Joint five-channel per-band reflectance error maps for the Blue, Green, Red, Red-edge, and 

NIR bands (|SR − HR|) for the selected scene at ×2, ×3, and ×4. Rows correspond to the spectral band 

and scale factor, and columns to the nine reconstruction methods, each shown as the absolute dif-

ference from the HR reference. All maps share one error color scale (0 to 0.114), the same as in Figure 

7. 
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Figure 7. Band-wise per-band reflectance error maps for the Blue, Green, Red, Red-edge, and NIR 

bands (|SR − HR|) for the selected scene at ×2, ×3, and ×4. Rows correspond to the spectral band and 

scale factor, and columns to the nine reconstruction methods, each shown as the absolute difference 

from the HR reference. All maps share one error color scale (0 to 0.114), indicated by the colorbar. 
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3.5. Model Ranking and Computational Efficiency 

The metric-wise ranking indicates that no single method dominated every criterion 

(Table 5). SwinIR-based SR occasionally achieved the lowest RMSE, particularly at ×2 

band-wise reconstruction, but it did not consistently provide the best SAM, Red-edge/NIR 

accuracy, or vegetation-index preservation. SRCNN performed strongly under the ×3 di-

agnostic condition, but this advantage was less evident under the cleaner ×2 and ×4 con-

ditions. DRCT-based SR, the most recent architecture evaluated, attained the best pixel-

fidelity scores at ×2 but did not lead on SAM, Red-edge/NIR accuracy, or vegetation-index 

preservation. ESRGAN-based SR was visually plausible in RGB panels but was generally 

not preferred when spectral consistency and VI errors were considered. 

Across the primary ×2 and ×4 conditions, EDSR and RCAN were the most consist-

ently supported choices. Among the CNN models, EDSR was most favorable when RMSE 

and PSNR were emphasized, especially in the ×4 joint mode, whereas RCAN was consist-

ently competitive for SSIM, Red-edge/NIR reliability, and mean VI MAE. The recent trans-

former baselines led on pixel fidelity at different scale factors—DRCT-based SR led at ×2, 

and HAT-based and DAT-based SR in the ×4 band-wise mode—but their larger spectral-

angle and vegetation-index errors meant EDSR and RCAN remained preferable when 

spectral fidelity was prioritized. This complementary pattern suggests that residual CNN 

reconstruction is suitable for spatial fidelity, while attention-based residual reconstruction 

is useful when spectral-index stability is prioritized. 

Computational efficiency was summarized using wall-clock SR reconstruction time, 

total evaluation time, and throughput (Table 6). Bicubic interpolation was the fastest ap-

proach, requiring 0.016 to 0.029 s for SR reconstruction depending on scale and mode. 

Among the learned models, SRCNN was the fastest, with joint five-channel reconstruction 

times of 0.126 s at ×2, 0.110 s at ×3, and 0.160 s at ×4. 

Band-wise reconstruction increased reconstruction time because each spectral band 

was processed separately. For example, RCAN required 0.231 s in ×2 joint five-channel 

mode but 0.638 s in ×2 band-wise mode. SwinIR-based SR showed the highest band-wise 

cost at ×2 (1.275 s), consistent with the heavier computation of attention-based reconstruc-

tion when applied independently to each band. These timing values are interpreted as 

practical wall-clock measurements for the implemented evaluation pipeline rather than 

as hardware-independent measures of computational complexity. The recent transformer 

baselines were the most computationally expensive overall, with the lowest throughput 

among all methods at every scale. DRCT-based SR was the slowest of all, and its band-

wise ×2 reconstruction time of 2.877 s was the highest recorded for any model, followed 

by DAT-based SR (1.815 s) and HAT-based SR (1.771 s). Because the dense residual con-

nections of DRCT-based SR progressively widen the feature tensor within each group, its 

accuracy advantage at ×2 was obtained at the highest computational cost in this bench-

mark. 

In summary, no single method was best on every criterion. EDSR and RCAN offered 

the most favorable balance of spatial and spectral quality at moderate computational cost, 

the recent attention-based transformers led on pixel fidelity but were the slowest methods 

at every scale, and band-wise reconstruction required roughly three to five times the in-

ference time of joint five-channel reconstruction. 

Table 5. Best-performing method by metric for each scale and reconstruction mode. Directions: 

RMSE (lower), PSNR (higher), SSIM (higher), SAM (lower), Mean VI MAE (lower). Bicubic is the 

deterministic baseline. 

Scale Mode RMSE PSNR SSIM SAM Mean VI MAE 

×2 Joint 5-channel DRCT-based SR DRCT-based SR RCAN RCAN RCAN 
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Scale Mode RMSE PSNR SSIM SAM Mean VI MAE 

Band-wise SwinIR-based SR DRCT-based SR RCAN EDSR RCAN 

×3 
Joint 5-channel Bicubic DAT-based SR DAT-based SR DRCT-based SR SRCNN 

Band-wise SRCNN HAT-based SR HAT-based SR SRCNN SRCNN 

×4 
Joint 5-channel EDSR EDSR RCAN EDSR EDSR 

Band-wise HAT-based SR HAT-based SR RCAN SRCNN RCAN 

Table 6. Computational efficiency (wall-clock time in seconds). SR recon.: super-resolution recon-

struction time. Total eval.: includes loading, metric calculation, and output saving. Throughput: 

megapixels per second. Lower is better for SR reconstruction time and total evaluation time; higher 

is better for throughput. Note: Band-wise reconstruction requires roughly 3 to 5x more time than 

joint five-channel; SRCNN remains fastest. 

Scale Mode Method SR Recon. (s) Total Eval. (s) Throughput (Mpx/s) 

×2 

Joint 5-channel 

Bicubic 0.029 1.226 26.47 

SRCNN 0.126 1.323 5.22 

EDSR 0.155 1.348 4.16 

RCAN 0.231 1.434 2.80 

SwinIR-based SR 0.343 1.533 1.87 

ESRGAN-based SR 0.204 1.415 3.18 

HAT-based SR 0.403 1.601 1.59 

DAT-based SR 0.433 1.631 1.48 

DRCT-based SR 0.618 1.395 1.04 

Band-wise 

Bicubic 0.028 1.232 23.46 

SRCNN 0.134 1.314 4.83 

EDSR 0.319 1.488 2.01 

RCAN 0.638 1.807 1.00 

SwinIR-based SR 1.275 2.452 0.51 

ESRGAN-based SR 0.508 1.706 1.26 

HAT-based SR 1.771 2.954 0.36 

DAT-based SR 1.815 2.998 0.35 

DRCT-based SR 2.877 3.551 0.22 

×3 

Joint 5-channel 

Bicubic 0.018 1.186 36.92 

SRCNN 0.110 1.265 5.82 

EDSR 0.134 1.278 4.83 

RCAN 0.159 1.321 4.05 

SwinIR-based SR 0.182 1.345 3.52 

ESRGAN-based SR 0.142 1.287 4.52 

HAT-based SR 0.237 1.393 2.68 

DAT-based SR 0.242 1.398 2.63 

DRCT-based SR 0.333 1.016 1.91 

Band-wise 

Bicubic 0.024 1.200 26.18 

SRCNN 0.113 1.288 5.69 

EDSR 0.204 1.353 3.12 

RCAN 0.351 1.507 1.82 

SwinIR-based SR 0.545 1.703 1.17 

ESRGAN-based SR 0.279 1.443 2.29 

HAT-based SR 0.937 2.100 0.68 

DAT-based SR 0.958 2.121 0.66 

DRCT-based SR 1.429 2.121 0.45 

×4 Joint 5-channel Bicubic 0.016 1.179 40.21 
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SRCNN 0.160 1.329 4.06 

EDSR 0.177 1.335 3.64 

RCAN 0.208 1.374 3.10 

SwinIR-based SR 0.152 1.316 4.23 

ESRGAN-based SR 0.196 1.362 3.29 

HAT-based SR 0.184 1.348 3.48 

DAT-based SR 0.187 1.351 3.42 

DRCT-based SR 0.247 0.934 2.60 

Band-wise 

Bicubic 0.023 1.191 27.64 

SRCNN 0.156 1.335 4.13 

EDSR 0.254 1.430 2.53 

RCAN 0.402 1.579 1.60 

SwinIR-based SR 0.386 1.558 1.66 

ESRGAN-based SR 0.344 1.571 1.86 

HAT-based SR 0.616 1.799 1.04 

DAT-based SR 0.628 1.811 1.02 

DRCT-based SR 0.934 1.628 0.69 

3.6. Loss-Term Ablation (Joint Five-Channel, ×4) 

A loss-term ablation was conducted at ×4 in the joint five-channel mode to isolate the 

contribution of the spectral-angle (SAM) and vegetation-index (VI) loss terms. The abla-

tion started from a masked-L1 base and then added SAM and VI under the same training 

and evaluation configuration. All loss-ablation configurations were evaluated under the 

×4 joint five-channel setting, allowing the values in Table 7 to be compared directly across 

the reduced loss configurations. Adding the SAM term generally reduced spectral angle 

among the non-adversarial models, with the clearest change observed for EDSR (SAM 

1.439 to 1.407 degrees) and the same direction observed for the transformer baselines, in-

cluding DRCT-based SR (1.385 to 1.378 degrees), while RMSE changed only slightly. Add-

ing the VI term produced a model-dependent effect on vegetation-index error: mean VI 

MAE decreased for SwinIR-based SR, ESRGAN-based SR, and HAT-based SR, increased 

slightly for EDSR, RCAN, SRCNN, and DAT-based SR, and was essentially unchanged 

for DRCT-based SR relative to the L1 + SAM setting. These results indicate that SAM and 

VI constraints affected different metrics differently, and that vegetation-index loss 

weights should be tuned and validated rather than assumed to improve all models uni-

formly. Because the ablation profiles omit the additional spatial-detail loss terms used in 

the deployed models, Table 7 isolates the relative effect of the SAM and VI terms rather 

than reproducing the full-loss performance, and its absolute errors are therefore higher 

than those of the corresponding full-loss models in Table 3. For training stability, the 

ESRGAN-based ablation used lower spectral and vegetation-index loss weights and a 

more gradual training schedule than the other models. 

In summary, adding the SAM term reduced spectral angle for the non-adversarial 

models, whereas the vegetation-index term changed mean vegetation-index error in a 

model-dependent direction. Spectral and vegetation-index loss weights should therefore 

be validated for each architecture rather than assumed to be uniformly beneficial. 
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Table 7. Loss-term ablation at ×4 (joint five-channel reconstruction) for three reduced loss configu-

rations (L1; L1 + SAM; and L1 + SAM + VI). Values are mean values from the ×4 joint five-channel 

loss-ablation evaluation. Records with RMSE ≥ 1 were excluded before summary calculation. Lower 

is better for RMSE, SAM, mean VI MAE, Red-edge RMSE, and NIR RMSE; higher is better for PSNR 

and SSIM. Within each model, the row of the loss configuration holding the largest number of best 

values is lightly shaded; ties are resolved by RMSE. 

Model Loss RMSE PSNR SSIM SAM Mean VI MAE Red-Edge RMSE NIR RMSE 

EDSR 

L1 0.0294 30.44 0.790 1.439 0.01869 0.0231 0.0528 

L1 + SAM 0.0295 30.38 0.788 1.407 0.01825 0.0224 0.0525 

L1 + SAM + VI 0.0304 30.12 0.781 1.455 0.01869 0.0210 0.0533 

RCAN 

L1 0.0288 30.51 0.789 1.453 0.01892 0.0223 0.0532 

L1 + SAM 0.0308 30.21 0.787 1.445 0.01862 0.0214 0.0538 

L1 + SAM + VI 0.0311 30.11 0.784 1.447 0.01874 0.0240 0.0540 

SwinIR-based 

SR 

L1 0.0299 30.00 0.775 1.485 0.01943 0.0229 0.0544 

L1 + SAM 0.0308 29.81 0.771 1.468 0.01917 0.0220 0.0560 

L1 + SAM + VI 0.0310 29.75 0.770 1.457 0.01898 0.0235 0.0568 

SRCNN 

L1 0.0304 29.93 0.774 1.468 0.01914 0.0235 0.0554 

L1 + SAM 0.0306 29.89 0.773 1.440 0.01876 0.0235 0.0554 

L1 + SAM + VI 0.0305 29.86 0.769 1.457 0.01900 0.0223 0.0555 

ESRGAN-based 

SR 

L1 0.0345 29.44 0.759 1.743 0.02190 0.0277 0.0584 

L1 + SAM 0.0340 29.43 0.757 1.756 0.02182 0.0272 0.0586 

L1 + SAM + VI 0.0341 29.43 0.758 1.741 0.02155 0.0272 0.0584 

HAT-based SR 

L1 0.0265 30.31 0.772 1.415 0.01861 0.0201 0.0497 

L1 + SAM 0.0269 30.19 0.768 1.393 0.01829 0.0202 0.0515 

L1 + SAM + VI 0.0272 30.10 0.767 1.395 0.01826 0.0209 0.0513 

DAT-based SR 

L1 0.0262 30.37 0.771 1.416 0.01864 0.0198 0.0498 

L1 + SAM 0.0272 30.14 0.769 1.393 0.01828 0.0206 0.0512 

L1 + SAM + VI 0.0272 30.12 0.767 1.396 0.01829 0.0211 0.0506 

DRCT-based SR 

L1 0.0258 30.57 0.780 1.385 0.01820 0.0203 0.0476 

L1 + SAM 0.0271 30.16 0.770 1.378 0.01810 0.0205 0.0508 

L1 + SAM + VI 0.0269 30.17 0.768 1.381 0.01810 0.0203 0.0509 

3.7. Parameter Scaling, Degradation, and Noise Robustness 

At ×4, widening the joint five-channel EDSR to a trainable-parameter count compa-

rable to that of the band-wise EDSR ensemble reduced its RMSE to 0.0239, on par with 

band-wise reconstruction, while lowering the spectral angle to 1.27°. This indicates that 

the band-wise per-band spatial advantage reflects model capacity rather than the recon-

struction strategy. To separate the reconstruction mode from the loss formulation, a joint 

model trained without the SAM and vegetation-index terms was compared with the full-

loss joint model and with band-wise reconstruction. Removing the spectral losses in-

creased the mean spectral angle from 1.33° to 1.37°, yet this configuration still preserved 

spectral angle slightly better than band-wise reconstruction at 1.40°. This control narrows 

the confound between reconstruction mode and loss formulation, but it does not by itself 

establish a general causal separation across architectures or training regimes; the result is 

therefore reported as controlled support for the joint-reconstruction interpretation under 

the present architecture, dataset, and training budget rather than as a universal conclu-

sion. Retraining EDSR, RCAN, and HAT under a Gaussian-blur-plus-bicubic degradation 

reproduced the area-downsampling accuracy and preserved the joint-versus-band-wise 

tradeoff (Table 8). Under additive Gaussian noise on the low-resolution inputs, the con-

volutional and transformer models degraded sharply in spectral angle and vegetation-
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index error, whereas the adversarial ESRGAN-based model was more noise-robust (Table 

9). 

In summary, the band-wise advantage in per-band spatial accuracy is largely at-

tributable to model capacity rather than to independent reconstruction; the joint mode 

retains a small spectral-angle advantage when the spectral losses are removed, which is 

reported as controlled support rather than as a general causal separation; and the model 

rankings were stable under a Gaussian-blur-plus-bicubic degradation. Additive input 

noise was the one factor that reordered the methods, with the adversarial model degrad-

ing least. 

Table 8. Reconstruction accuracy of EDSR, RCAN, and HAT at ×4 under area-based downsampling 

and Gaussian-blur-plus-bicubic degradation. This experiment requires full retraining under a sec-

ond degradation model, so it was deliberately scoped to three representative architectures—a resid-

ual CNN (EDSR), a channel-attention CNN (RCAN), and a hybrid-attention transformer (HAT)—

and is not intended as a full nine-method comparison. Within each reconstruction mode, the row of 

the method holding the largest number of best values is lightly shaded. 

Mode Method Area RMSE Blur + Bicubic RMSE Area SAM (°) Blur SAM (°) 

Joint 

EDSR 0.0248 0.0249 1.332 1.344 

RCAN 0.0249 0.0252 1.337 1.341 

HAT 0.0269 0.0270 1.408 1.408 

Band-wise 

EDSR 0.0239 0.0238 1.399 1.373 

RCAN 0.0240 0.0239 1.394 1.377 

HAT 0.0239 0.0238 1.490 1.474 

— Bicubic 0.0279 0.0378 1.439 1.516 

Table 9. Effect of additive Gaussian noise on the ×4 low-resolution test inputs for EDSR, RCAN, 

ESRGAN-based, and HAT reconstruction. The noise evaluation reuses the ×4 checkpoints of four 

representative architectures spanning the residual-CNN, channel-attention, adversarial, and trans-

former families, and is likewise not intended as a full nine-method comparison. 

Method σ RMSE SAM (°) Mean VI MAE 

EDSR 

0.00 0.0248 1.332 0.0173 

0.01 0.0263 2.914 0.0357 

0.03 0.0395 6.857 0.0839 

RCAN 

0.00 0.0249 1.337 0.0173 

0.01 0.0265 2.958 0.0363 

0.03 0.0403 6.986 0.0858 

ESRGAN 

0.00 0.0284 1.674 0.0208 

0.01 0.0276 2.283 0.0296 

0.03 0.0356 4.372 0.0584 

HAT 

0.00 0.0269 1.408 0.0185 

0.01 0.0279 2.970 0.0369 

0.03 0.0402 6.863 0.0847 

3.8. Summary of Results 

Overall, the results support four main findings. First, ×2 and ×4 provide the most 

geometrically reliable scale-factor comparisons because they are exactly compatible with 

the 800 × 800 HR scene size, whereas ×3 is better interpreted as a diagnostic condition. 

Second, deep SR improved over bicubic interpolation most clearly at ×4, where EDSR and 

RCAN reduced reconstruction error while maintaining stronger Red-edge, NIR, NDVI, 

GNDVI, and NDRE consistency. 
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Third, the comparison between joint five-channel and band-wise reconstruction 

showed that the best mode depends on the evaluation target and on the feasible loss for-

mulation used for each mode. Band-wise reconstruction may improve band-specific spa-

tial accuracy, whereas joint reconstruction can better preserve the five-band cube as a cou-

pled spectral input. Fourth, the visual comparisons reinforced the conclusion that agricul-

tural usefulness cannot be judged from RGB appearance alone. For UAV-based crop mon-

itoring, SR models should be evaluated using spatial, spectral, vegetation-index, band-

wise, and computational criteria together. 

4. Discussion 

4.1. Interpretation of Model Performance 

The comparative results show that UAV multispectral SR should be interpreted 

through both spatial reconstruction quality and spectral reliability. RMSE, PSNR, and 

SSIM describe pixel-wise and structural reconstruction, but they do not fully indicate 

whether the reconstructed Red, Green, Red-edge, and NIR relationships remain usable for 

vegetation-index calculation [9,19]. This distinction explains why methods with favorable 

visual or structural behavior were not always the most reliable for agricultural spectral 

interpretation. Under the controlled degradation setting used here, EDSR and RCAN pro-

vided the most balanced behavior across spatial quality, spectral similarity, band-wise 

accuracy, and vegetation-index preservation. These differences reflect the underlying re-

construction assumptions rather than model novelty alone: residual CNN reconstruction 

(EDSR) recovers high-frequency spatial detail stably and is therefore strong on 

RMSE/PSNR; channel-attention reconstruction (RCAN) re-weights spectral channels and 

is thus more favorable for Red-edge/NIR and vegetation-index consistency; whereas the 

adversarial model (ESRGAN-based) optimizes perceptual realism and can deviate more 

in physically meaningful band ratios, and the compact Transformer-inspired model is 

comparatively data- and budget-hungry under the present matched budget. 

The nine compared methods represent different reconstruction assumptions rather 

than a simple ladder of model novelty. Bicubic interpolation provides a deterministic non-

learning reference for smooth resizing. SRCNN represents a shallow CNN baseline [23], 

EDSR represents residual CNN reconstruction with stable high-frequency recovery [24], 

and RCAN adds channel-attention mechanisms that are relevant for multi-band feature 

weighting [25]. The SwinIR-based model functions here as a compact Transformer-in-

spired attention baseline derived from image-restoration SR concepts [12], whereas 

ESRGAN-based SR represents adversarially guided reconstruction, where apparent 

sharpness may be favored over strict pixel-wise or spectral fidelity [26]. The HAT-based, 

DAT-based, and DRCT-based models are recent attention-based transformers that extend 

the Transformer-inspired family [27–29]; DRCT-based SR additionally connects the atten-

tion layers of each group densely, so that early spatial detail remains reachable at the 

group output instead of being squeezed through a plain sequential stack. In this bench-

mark, they achieved the strongest pixel-wise RMSE and PSNR, DRCT-based SR at ×2 and 

HAT-based and DAT-based SR in the ×4 band-wise mode, yet none of them improved 

spectral-angle or vegetation-index preservation, so their contribution was concentrated in 

spatial rather than spectral fidelity. That a 2024 architecture reproduces the same pattern 

suggests it reflects the pixel-oriented optimization target shared by these methods rather 

than a limitation of one model generation. 

The comparatively weaker spectral-fidelity behavior of the Transformer-inspired 

and adversarial baselines should therefore be interpreted cautiously, as perceptually and 

adversarially oriented reconstruction is known to prioritize visual realism over strict 

pixel-wise and spectral fidelity [15,16]. It does not imply that these model families are 

unsuitable for agricultural multispectral SR in general. Rather, within the present training 
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budget, compact implementation, controlled degradation setting, and spectral-fidelity-

oriented evaluation, residual CNN and channel-attention CNN reconstruction were more 

stable [13,14]. This distinction indicates that agricultural SR methods should be selected 

not only by architecture novelty or visual sharpness, but by whether they preserve quan-

titative spectral relationships. 

4.2. Implications of Joint Five-Channel and Band-Wise Reconstruction 

The joint five-channel and band-wise results indicate that the preferred reconstruc-

tion strategy depends on the evaluation target. Joint reconstruction is conceptually attrac-

tive because vegetation indices are computed from relationships among spectral bands, 

and a joint model can process the five-band cube as a coupled spectral object [19,20]. Band-

wise reconstruction can be advantageous when the objective is band-specific spatial accu-

racy or when independent bands have different contrast and noise behavior. The results 

therefore support reporting both modes rather than assuming that one strategy is univer-

sally superior. 

At the same time, the comparison does not isolate reconstruction mode alone. Joint 

five-channel models can use SAM and vegetation-index terms during training, whereas 

single-channel band-wise models cannot directly use losses that depend on multi-band 

spectral relationships. The joint and band-wise results should therefore be read as a prac-

tical comparison under feasible loss formulations. This limitation is methodologically im-

portant because differences between modes may reflect both the reconstruction strategy 

and the loss terms available to each strategy. To disentangle these factors, a joint model 

trained without the SAM and vegetation-index terms was evaluated in Section 3.7; it still 

preserved spectral angle slightly better than band-wise reconstruction. This narrows the 

confound but does not by itself establish a general causal separation, so the result is read 

as controlled support for the joint-reconstruction interpretation under the present archi-

tecture, dataset, and training budget. 

The loss-ablation results further support this interpretation. Adding SAM modestly 

improved spectral-direction consistency [35], whereas the VI term produced model-de-

pendent effects, indicating that spectral constraints should be tuned and validated rather 

than assumed to improve all agricultural metrics. 

4.3. Vegetation-Index Preservation as an Agricultural Proxy 

The VI analysis links the reconstruction metrics to agricultural interpretation while 

remaining a proxy rather than a complete agronomic validation. NDVI reflects Red-NIR 

relationships, GNDVI reflects Green-NIR relationships, and NDRE reflects Red-edge-NIR 

relationships that are closely connected to crop-monitoring interpretation [30–32]. Be-

cause SR can alter local band ratios even when RGB appearance improves, VI errors pro-

vide a useful test of whether reconstructed images preserve agriculturally interpretable 

spectral structure. 

Nevertheless, low VI error should not be interpreted as direct evidence of improved 

crop diagnosis, yield estimation, or field management decisions. The VI metrics used here 

bridge image reconstruction and agricultural interpretation, but they do not replace 

downstream validation using biomass measurements, stress labels, segmentation masks, 

or yield-related observations [1,33]. The main value of the VI evaluation is therefore to 

screen whether SR outputs remain spectrally plausible enough for subsequent agricul-

tural analysis. 
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4.4. Scale-Factor and Degradation Assumptions 

The controlled degradation design is both a strength and a limitation. It provides 

paired LR-HR data with known scale factors and allows all methods to be compared un-

der identical reference conditions. However, LR inputs generated by downsampling da-

taset-derived HR cubes do not fully represent operational UAV degradation, where mo-

tion blur, wind-induced canopy movement, atmospheric variation, exposure differences, 

radiometric calibration uncertainty, lens effects, and sensor modulation characteristics 

may affect both spatial detail and spectral response [7,16]. The results should therefore be 

interpreted as an internal controlled benchmark rather than as direct evidence of perfor-

mance on real multi-altitude or multi-sensor LR-HR image pairs. 

The ×3 condition further illustrates this geometric sensitivity. Because 800 pixels can-

not be exactly divided by three, explicit alignment was required before metric calculation, 

and small residual shifts may affect sharper learned outputs differently from smoother 

interpolation. A likely mechanism is that the residual-learning models reconstruct high-

frequency detail on top of a bicubic-upsampled base at a non-integer scale (266->798 pix-

els, followed by a two-pixel crop), so a small systematic resampling offset is amplified by 

the learned high-frequency branch, whereas a smooth interpolator (bicubic) or a shallow 

model (SRCNN) is far less sensitive; models with larger receptive fields are therefore more 

strongly affected. For this reason, ×3 was retained as a diagnostic condition, whereas ×2 

and ×4 provide the cleaner basis for model interpretation, and the ×3 results should not be 

used to rank relative model performance. 

A second related limitation is that the data split was performed at the scene-record 

level rather than by field, date, or flight. This improves sample size for model comparison 

but does not completely exclude acquisition-level similarity between training and test rec-

ords. Consequently, this benchmark should be read as a comparison of relative method 

performance under matched acquisition conditions; the stability of the model rankings 

across geographically independent study sites remains an open question, and grouped 

cross-validation by field or acquisition date is left for future work to address this limita-

tion. 

4.5. Relationship to Recent Remote-Sensing SR Trends 

Recent remote-sensing SR research increasingly includes Transformer-based [12], 

diffusion-based [17,41,42], and foundation-model [18] approaches. These directions are 

important because they can model long-range context or generate detailed spatial struc-

tures. For agricultural multispectral SR, however, visually realistic detail is not sufficient; 

reconstructed reflectance relationships must remain reliable enough for spectral indices 

and downstream agronomic interpretation [9,19]. The present study therefore emphasizes 

a reproducible comparison of representative CNN, attention, Transformer-inspired, and 

adversarial baselines under spectral-fidelity-oriented evaluation. 

This positioning is consistent with recent reviews that emphasize both the rapid ex-

pansion of deep learning-based remote-sensing SR and the need for application-specific 

evaluation [8]. Diffusion models have become a major direction in image super-resolution 

because they may generate detailed high-resolution structures from degraded inputs [17]. 

Diffusion-based remote-sensing SR has been proposed for aerial and satellite imagery 

[41]. Efficient diffusion probabilistic models have also been developed for remote-sensing 

image reconstruction [42]. Vision foundation models are also increasingly discussed in 

remote sensing because they offer transferable representations across heterogeneous tasks 

and sensors [18]. 

The absence of diffusion and foundation-model baselines should therefore be viewed 

as a scope decision rather than as a claim that these methods are unsuitable. Future work 

can extend the same evaluation framework to generative and foundation-model 
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approaches, but those methods should be judged using spectral angle, band-wise error, 

vegetation-index preservation, and downstream agricultural utility, not visual sharpness 

alone. 

4.6. Practical Implications and Limitations 

From a practical perspective, the findings suggest that SR may be useful for multi-

spectral crop imagery acquired by UAV when spatial enhancement is coupled with ex-

plicit spectral evaluation. EDSR and RCAN provided the most balanced performance in 

this dataset by combining spatial reconstruction quality with Red-edge, NIR, and VI reli-

ability under the controlled benchmark. However, the results are most directly applicable 

to quality-controlled AI Hub cabbage scenes reconstructed from dataset-derived HR ref-

erences. They should not be generalized uncritically to other crops, sensors, flight alti-

tudes, radiometric workflows, or real LR-HR acquisition conditions. 

Several steps would strengthen future validation. First, grouped field-, date-, or 

flight-level splits should be used to test whether model rankings remain stable when ac-

quisition-level similarity is reduced. Second, real multi-altitude or multi-sensor LR-HR 

image pairs should be included to evaluate realistic degradation. Third, SR outputs 

should be connected to downstream tasks such as plant segmentation, stress detection, 

biomass estimation, or yield-related prediction. Finally, broader hyperparameter tuning 

and longer training budgets may be needed to determine whether deeper attention, Trans-

former-inspired, or adversarial models can become more competitive under multispectral 

spectral-fidelity constraints. 

Taken together, these findings support an evaluation practice in which UAV crop-

image SR is reported through spatial quality, spectral consistency, band-wise reconstruc-

tion, VI preservation, computational efficiency, and clearly stated degradation assump-

tions. This framing keeps the emphasis on whether enhanced imagery remains quantita-

tively meaningful for agricultural analysis, rather than on visual sharpness alone. 

5. Conclusions 

This study evaluated a super-resolution framework for UAV-based five-band multi-

spectral cabbage imagery under a controlled downsampling benchmark. Nine reconstruc-

tion methods, including bicubic interpolation, SRCNN, EDSR, RCAN, SwinIR-based SR, 

ESRGAN-based SR, HAT-based SR, DAT-based SR, and DRCT-based SR, were compared 

under joint five-channel and band-wise reconstruction settings at ×2, ×3, and ×4 scale fac-

tors. The evaluation combined spatial image-quality metrics, spectral similarity, band-

wise reconstruction errors, vegetation-index errors, per-band reflectance error maps, and 

computational efficiency so that SR performance could be assessed beyond RGB visual 

sharpness alone. 

No single method dominated all criteria. Across the geometrically cleaner ×2 and ×4 

conditions, EDSR and RCAN showed the most balanced performance in the present da-

taset. EDSR was generally strong for pixel-wise reconstruction and RMSE/PSNR-oriented 

performance, whereas RCAN was competitive for structural similarity, Red-edge/NIR re-

liability, and vegetation-index preservation. SwinIR-based SR and ESRGAN-based SR 

served as useful attention-based and adversarial baselines, but they did not consistently 

improve spectral or vegetation-index reliability under the current implementation and 

training budget. Among the recently proposed attention-based models, DRCT-based SR 

attained the strongest pixel-fidelity scores at ×2, and HAT-based and DAT-based SR did 

so in the ×4 band-wise mode, but none of them improved spectral-angle or vegetation-

index preservation, and therefore they did not surpass the residual and channel-attention 

CNNs on spectral consistency under the equalized budget. This ranking should be read 

in the context of the deliberately modest and equalized training budget (50 epochs, 
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compact from-scratch configurations); the Transformer-inspired and adversarial baselines 

may become more competitive under larger training budgets, pre-training, or architec-

ture-specific tuning. 

The vegetation-index results support the need to evaluate UAV multispectral SR as 

a spectral reconstruction problem. NDVI, GNDVI, and NDRE errors showed that visually 

sharper reconstructions were not necessarily more reliable for crop-monitoring interpre-

tation, because small distortions in Red, Green, Red-edge, or NIR bands may propagate 

into vegetation-index maps. Therefore, vegetation-index error and per-band reflectance 

consistency should be treated as agricultural proxy measures alongside conventional im-

age-quality metrics. 

The ×3 scale factor provided useful diagnostic information but remained alignment-

sensitive because the 800 × 800 HR scene size is not exactly divisible by three. Although 

explicit alignment was applied, the ×3 results should be interpreted more cautiously than 

the exact ×2 and ×4 scale factors. Accordingly, ×2 and ×4 provide the clearest basis for 

model interpretation in this controlled benchmark. 

Overall, the results indicate that UAV multispectral SR for precision agriculture 

should be optimized and evaluated with explicit attention to spectral consistency, not only 

spatial detail. The loss-term ablation further showed that adding SAM modestly im-

proved spectral-direction consistency, whereas the VI term produced model-dependent 

effects. Parameter-matched and alternative-degradation analyses further indicated that 

the band-wise spatial advantage largely reflects model capacity rather than the recon-

struction strategy, while the joint reconstruction mode itself contributed to spectral 

preservation beyond the spectral loss terms, and that the model rankings were robust to 

the degradation assumption and to input noise. The evaluation code has been released to 

support reproducibility. Within the controlled degradation and internal scene-level 

benchmark used here, residual CNN and channel-attention CNN approaches provided 

the most balanced performance for preserving both spatial structure and agricultural 

spectral usability in the AI Hub cabbage dataset. Future work should test these findings 

using grouped field/date splits, real multi-altitude or multi-sensor LR-HR image pairs, 

additional crops and sensors, uncertainty-aware spectral evaluation, and downstream ag-

ricultural tasks such as plant segmentation, stress detection, biomass estimation, and 

yield-related prediction. 
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