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W Ah  AEVNZRB B, SuperYOLO ¥R AN T 4l Bl 3 #F 3 (SROBEH 28T e i 1 v 0 B R KR LUSE 8 T M 4%
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Fig. 1 The framework of SuperYOLO!
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B2 SuperYOLO % # A g &% #
Fig. 2 SuperYOLO multi-modal fusion flowchart
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R 21 761 3K IEME  ARvE T 55 740X 4 S, i 55 13 2508 IR H A .
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Fig. 3 Small target detection results of SuperYOLO. (a) ~ (¢) The original images; (d) ~ () The detection results on the
mixed dataset; (g)~(i) The detection results on the HRRSD dataset
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Fig. 4 Patterns of change in F1 and Precision scores for each category at different confidence level. (a)~(c) The original images;
(d)~(f) The detection results on the mixed dataset; (g)~(i) The detection results on the HRRSD dataset
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Table 1 AP of each category and mAP of all categories

Category Car Pickup Camping Truck Other Tractor Boat Van mAP@0.5
AP@0.5 0.913 0.872 0.739 0.874 0.731 0.790 0.727 0.858 0.813

3.2 £ %t SuperYOLO # iU 14 88 B9 52 i
3.21 BEB%RFERRHEEGHY W E K

22010 18 B MR T 32 B A B A i 3 PR RN 2% DR 3R A T (e RS O s R R ) MR TE
AR Ay A7 it b B v AN AT s Ml R AR R AL R 3 3 2O Rk R T BT R RIS R B, R EE B
Fr MR R TR R SRR ORI FER T R G R RS S B R 1 BT B R 0 R
AR, P R 0 A R AR I A R R SN T

ARSCLARREE TR HI-2A 5250 28 40 5 28 b >R B2 19 W 75 04l O BE Al 3 o 78 HRRSD % 4is 58 i 4 vh s i
AN TR AR 2 Y e H0 M 75 1 OB A0 A S B 1 FH o 22 0l ik R B 2 B RS IR DL 506 .10 %0 MR S Y L B
P54 T AR R RS 3 T8 ] SuperYOLO 75 A [R) 8040 42 i 47 22 0633 i 8k I8/ B Fn A il i 2R 2 o 815

H5 SuperYOLOR 5% f10% % F B/ MNEfAAARNER S EREERER, AEEREHEL, & -7 W RGEEE, FH
A5V EFE =5 A 10% % F o (a)~(c) VEDATH 48 & 5 (d)~(DHRRSD # 48 &5 (g)~(i) R & 84 £ 4 R
Fig.5 Small-object detection results of SuperYOLO after adding 5 % and 10 % noise. Red boxes=missed targets, white
boxes=false alarms; Column 1 is original images, Column 2 is 5% noise; Column 3 is 10% noise. (a)~(c¢) [VEDAI dataset ;
(d)~(f) HRRSD dataset; (g)~(i) Mixed-dataset results
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Fig.6 Variation patterns of F1 and P scores for different categories under various confidence levels. (a)~(b) Correspond to the
case with 5% noise; (¢)~(d) Correspond to the case with 10% noise

®2 VEDAIHEEFRMBREFEELINKAPS B EFH mAP
Table 2 AP of each category and mAP of all categories after adding noise for VEDAI data

Object categories (resolution) Car Pickup Camping Truck  Other Tractor  Boat Van mAP@0.5
AP@0.5(0%) 0.913 0.872 0.739 0.874 0.731 0.790 0.727  0.858 0.813
AP@0.5(5%) 0.741 0.553 0.578 0.282 0.261 0.125 0.499  0.319 0.420
AP@0.5(10%) 0.096 0.065 0.264 0.000 0.000  0.000 0.030  0.010 0.058

P 7 S AP B VS 0 0 75 iR R (9 A8 At £, 7T LR B, m A P@O. 5 Fifi MR 75 1 3 i JE 2T SR A
PERE 5 1B 5  75 A7 75 46 5 9 A5G C R o Super YOLO A5 738 1o 22 43 3 I 2% S5 44 Rk @il 5 AL 1 e
TIREYAR A/ AR B JLATRRAE FOE IR AR, a0 B AR B TEAR (i 2 S0AE B S BE 22 524 L {3 SuperYOLO £
TR0l K Al 5 IR A T /N A A I IR B 22 R AR/ FAR O B R AR AR R PO MR T T
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72 W B 5/ A 0 9 1 B 0 7 T T 1 7 AR L A B

SR A R T R ESE B B R, HEY Fig. 7 Variation curve of mAP with added noise intensity
MRS BN 2 — e R RERD, 2K AR TR,
I, PR M P A 19 58 23 5 AR I AR AE L 8175 SuperYOLO M IG rb 45 50 H 9 R 21 25 75 58 Am 1RV , ™ o 5%
UIANIERZRE SIS
322 BABRFERRMBEEGT 0 LB

AHEFEF FH DONN X B 7 808 R AT 7 s WAk B, B 9T 45 B R W DONN 78— 28 | LB T IR g
T CINE 8) o B YU 590 M s 22 J5 , VAR R DNDRS JBEA — i R B AN, T e s KB i & 1096
Ja B Z 0 AR ORI . B R I HRRSD S04 42 K6 0 25 5 0 TR & 8 48 o i % F HRRSD k4
AR XL BT 8(b) Rl (d) AT A& I 28 sk DONN B A 2 B 5 % 44 B B AR A DU & {5 B2 R s 48 71 [RIAE X b 1 8(c)
A Ce) NN 1096 W 25 5L af DL & B0 28 2o W 7 390 4k B 38 40 V5 2 H BR RE A8 DRG] B 1 X b &5 SR AR TR
BB S Sk W B AN 1A 8 (@) A (1) DCNN M 4b B Al 7F — a2 AR B 4T T B ARG % 245 %, O HLAF
XA H bR AT B A . DCONN FE 2 B BRI 30 6, BB 95 #F — 8 B2 42 % SuperYOLO H

B8 SuperYOLOZEHIFEEAMEY MI0Y 2 F B/ NEHATRMER, % 47 7 HRRSD # 45 &, % — 4T R & B4 &40 4
R (A (DR R (D) F(QFRm5%%F; (e)fm(h)FFml0% R mlER; (D~(Da7lhx%2EHIRE
RS

Fig. 8 Small object detection results of SuperYOLO after adding 5% and 10% noise to the dataset, the first row shows results

from the HRRSD dataset, and the second row shows results from the mixed dataset. (a)~(f) are the original images; (b) and
(g) are the results with 5% noise added; (c) and (h) are the results with 10% noise added; (d)~(j) are the detection

results after denoising
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Table 3 AP of each category and mAP of all categories after changing spatial resolution

Object categories(resolution) Car Pickup ~ Camping Truck  Other Tractor Boat Van mAP@O0.5
AP@0.5(0%) 0.913 0.872 0.739 0.874 0.731  0.790  0.727 0.858 0.813
AP@0.5(75%) 0.849 0.787 0.745 0.794 0.406  0.761 0.730  0.851 0.741
AP@0.5(50% ) 0.648 0.531 0.625 0.480 0.299  0.616 0.237  0.274 0.464
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Fig. 11 Variation curve of mAP with
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Quantifying the Effects of Sensor Noise and Spatial Resolution on Small
Target Detection in Multispectral Remote Sensing Imagery

LI Zongzhe', WANG Qicheng', YANG Weihua®, HAN Xiaoteng®
(1 Equipment Management and UAV Engineering School, Air Force Engineering University, Xi'an 710051, China)
(2 Spectroscopic Imaging Technology Laboratory, Xi'an Institute of Optical Precision Machinery,
Chinese Academy of Sciences, Xi'an 710119, China)

Abstract: In the field of high—resolution optical remote sensing image analysis, target detection and
recognition technologies serve as foundational pillars for critical applications such as environmental
monitoring, urban planning, agricultural yield estimation, and military reconnaissance. In recent years,
deep learning algorithms have revolutionized this domain by leveraging their exceptional ability to extract
intricate features: they efficiently capture both the geometric characteristics of ground objects (e.g., shape
contours, spatial distribution patterns, and structural details) and spectral attributes (e.g., band reflectance
variations, spectral curve uniqueness across land covers). This capability has driven transformative
breakthroughs in target detection for high—resolution optical remote sensing images, enabling more accurate
and automated identification of diverse ground targets compared to traditional handcrafted—feature—based
methods.

However, the practical application of deep learning in multispectral remote sensing image analysis is
hindered by inherent challenges stemming from data acquisition and scene complexity. First, multispectral
images exhibit significant variability in both image quality and spatial resolution due to differences in sensor
platforms—ranging from satellite-borne sensors (with meter to sub—meter resolution) to Unmanned Aerial
Vehicle (UAV) cameras and airborne imaging systems. These hardware discrepancies lead to
inconsistencies in Signal-to-Noise Ratio (SNR) , radiometric accuracy, and spatial granularity, directly
impacting the reliability of feature extraction. Second, remote sensing scenes are inherently complex and
variable: factors such as topographic relief, cloud cover, atmospheric scattering, and heterogeneous land
cover (e.g., intermingled vegetation, buildings, and water bodies) create a cluttered background that
obscures small targets (e.g., small vehicles, individual buildings, or vegetation patches). These challenges
are particularly acute for small target detection in heterogeneous scenes, where traditional deep learning
models often suffer from high false detection rates, missed detections, or degraded localization accuracy
due to insufficient discriminative features or severe background interference.

To address these issues, this study focuses on the SuperYOLO model—a state—of-the—art object
detection architecture optimized for remote sensing scenarios—and conducts a systematic investigation to
evaluate its performance in small target detection across diverse multispectral datasets. The research
specifically analyzes two core factors influencing detection capability: the characteristics of scene datasets
and the quality/resolution of multispectral images. For dataset analysis, the study employs two types of
experimental data: independent datasets (VEDAT and HRRSD) and a mixed dataset. The VEDAT dataset
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specializes in small ground targets (primarily vehicles) with consistent data distribution and high annotation
precision, while the HRRSD dataset covers multiple small target categories (e.g., buildings, roads, and
small vegetation clusters) in complex urban and natural scenes. In contrast, the mixed dataset is
constructed by fusing multispectral data from different sensors, geographic regions, and acquisition times,
simulating the high data heterogeneity encountered in real-world remote sensing applications.

The research findings yield three key insights. First, dataset homogeneity significantly impacts
SuperYOLO's detection accuracy: the model achieves notably higher performance on independent datasets
(VEDAT and HRRSD) compared to the mixed dataset. This is attributed to the consistent data distribution
and reduced background variability in independent datasets, which minimize the model’s sensitivity to
irrelevant background features; in contrast, the mixed dataset’s diverse land cover types and spectral
variations increase the difficulty of distinguishing small targets from cluttered backgrounds, leading to
reduced detection stability. Second, instrument noise emerges as a critical limiting factor for SuperYOLO's
precision. When 5% and 10% instrument noise (simulating real-world sensor electronic noise, radiometric
distortion, and atmospheric interference) are introduced into multispectral images, the model's mean
Average Precision (AP) at an Intersection-over-Union (IoU) threshold of 0.5 (mAP@0.5) plummets
sharply from the original 0.813 to 0.420 and 0.058, respectively. This degradation occurs because noise
disrupts the integrity of spectral features in multispectral bands, interfering with the multi-branch network
architecture of SuperYOLO—specifically impairing its ability to extract and fuse discriminative spectral and
geometric features for small targets. Notably, integrating a Denoising Convolutional Neural Network
(DCNN) into the data preprocessing module effectively mitigates this issue: the DCNN's adaptive noise-
filtering capability restores spectral feature integrity, leading to a significant recovery of SuperYOLO's
detection accuracy. Third, the spatial resolution of multispectral images exerts a relatively minor impact on
SuperYOLO's performance. After downsampling the original images to simulate lower-resolution
scenarios, the model’s mAP@0.5 decreases from 0.813 to 0.741 (for mild downsampling) and 0.464 (for
severe downsampling). This resilience is attributed to SuperYOLO's feature pyramid structure, which
enables multi-scale feature fusion to compensate for partial resolution loss—though severe downsampling
still causes accuracy degradation due to the loss of fine—grained details in small targets.

In conclusion, instrument noise significantly impairs the extraction and fusion of spectral features in
SuperYOLO's multi-branch architecture, ultimately limiting its detection accuracy and practical utility for
small targets in multispectral remote sensing images. Enhancing optical image quality (e.g., optimizing
sensor hardware to reduce inherent noise) and incorporating denoising algorithms (such as DCNN) into the
SuperYOLO framework can substantially improve the detection capability, accuracy, and applicability of
small target detection algorithms in multispectral remote sensing imagery. This study emphasizes that
maximizing the potential of deep learning models in remote sensing applications requires prioritizing
solutions to sensor-induced noise and optimizing image preprocessing strategies. The proposed integration
of denoising techniques with advanced detection architectures like SuperYOLO not only provides a more
practical technical solution for small target detection in multispectral remote sensing but also points to a
promising direction for future research (e.g., multi-modal data fusion detection, real-time remote sensing
image processing) and engineering applications (e.g., UAV inspection systems, satellite remote sensing
monitoring platforms) in this field.
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