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Abstract: Objective Small object detection in large-field-of-view (FOV) surveillance videos remains a persistent chal-
lenge in real-world deployments such as construction-site safety monitoring, traffic supervision in highway service areas,
and public-space management on university campuses. Compared with conventional close-range datasets, targets in large-
FOV imagery are often extremely small, and are heavily compromised by background clutter, illumination variation, com-
pression noise, motion blur, and frequent occlusion. Consequently, detectors trained on generic benchmarks typically suf-
fer from three intertwined bottlenecks: (i) scarce and expensive annotations for tiny objects across diverse surveillance

scenes; (ii) weak and ambiguous visual features due to limited pixels coverage and low signal-to-noise ratio, causing tiny
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objects to be confused with background patterns; and (iii) inaccurate localization, where even a few-pixel deviation leads
to a significant drop in intersection over union (IoU) , thereby harming high-precision metrics and downstream tracking/
analysis. To address these issues uniformly, this study proposes SOD-YOLO, a small-object-oriented detection network
designed for low-resolution, large-FOV surveillance videos. The primary objective is to simultaneously enhance supervi-
sion signals, strengthen tiny-feature representation, and improve high-precision localization, thereby delivering reliable
detection performance under practical surveillance constraints. Method SOD-YOLO adopts a “data—feature—localization”
co-design philosophy and introduces improvements from three aspects. (a) Virtual-real fusion sample generation. To miti-
gate the scarcity of real annotations and increase the diversity of tiny-object appearances and backgrounds, we propose a
cost-effective data generation strategy that combines SAM2 (Segment Anything Model v2) semantic guidance with Unreal
Engine (UE) virtual simulation. SAM2 is utilized to obtain fine-grained object masks and semantic cues, enabling high-
quality object cutout and composition as well as accurate label transfer for small objects. UE is employed to produce control-
lable virtual surveillance scenes with precise ground-truth annotations, where camera viewpoints, object scale distribu-
tions, lighting conditions, and scene layouts are configured to mimic real surveillance patterns. These synthesized data are
mixed with real samples to expand the training distribution, improving robustness against background variation and rare tar-
get configurations while maintaining manageable labeling costs. (b) Feature enhancement for tiny objects. Recognizing
that tiny objects provide weak cues that are easily drowned out in large-FOV frames, we design a feature enhancement
mechanism consisting of three components. First, we introduce video differential preprocessing to explicitly highlight
subtle foreground changes and suppress irrelevant static textures. Second, we strengthen multi-scale feature fusion to better
integrate fine-grained spatial details from shallow layers with semantic context from deeper layers, enabling the network to
preserve small-object signals while retaining discriminative context. Third, we incorporate bilevel routing attention (BRA)
to adaptively allocate attention to informative regions and improve the model " s ability to perceive and distinguish tiny fea-
tures under clutter and occlusion. (c¢) Localization-oriented optimization. To address the localization sensitivity of small
objects, SOD-YOLO adopts a decoupled head that separates classification and regression learning, reducing task conflict
and stabilizing optimization when training signals are weak. Moreover, we propose an o-CloU loss function to enhance
regression precision and encourage better alignment at higher loU thresholds, which directly targets the common failure
mode of loose or shifted bounding boxes for tiny objects. Collectively, these designs form an end-to-end detector that
improves learning from limited data, enhances tiny-feature representation, and refines bounding-box regression. Results
Extensive experiments are conducted on three real-scene large-FOV surveillance datasets: construction site, highway ser-
vice area, and university campus, covering multi-category detection (pedestrians, e-bikes, cars, trucks, buses) and
extremely tiny targets under complex backgrounds. Evaluations follow COCO-style metrics, with particular emphasis on
high-loU and small-object performance. On the construction-site dataset, SOD-YOLO achieves the best localization-
sensitive performance, with an AP75 of 13.5% and AP50s of 53.9%, indicating superior high-precision bounding-box
regression and sensitivity to small targets in cluttered scenes. On the highway service-area dataset, characterized by dense
traffic and large intra-class variation, SOD-YOLO reaches the optimal overall AP of 42. 6% and AP75 of 29. 5%, demon-
strating robust general performance and high-loU accuracy in complex multi-class conditions. On the particularly challeng-
ing university-campus dataset—where the smallest objects may account for only about 0. 0075% of image pixels and minor
offsets severely degrade loU—SOD-YOLO shows clear improvements over the baseline YOLOv7, increasing AP, AP75,
and AP50s by approximately 4. 1% (or 4. 9% depending on the finalized table), 2. 5%, and 5. 0%, respectively, To fur-
ther verify generalization, we evaluate SOD-YOLO on the public VT-TOD (visible) benchmark under the official split.
SOD-YOLO achieves leading performance with precision of 61.4%, AP50:95 of 52.3%, APs of 63.5%, and APm of
58.2%, outperforming representative methods such as QueryDet, YOLOC, and Drone-YOLO. Ablation studies confirm
that each proposed component contributes positively: differential preprocessing yields the most notable gain by enhancing
foreground saliency ; multi-scale fusion and BRA provide additional improvements by strengthening discriminative represen-
tations; and the decoupled head together with a-CloU consistently boosts high-loU localization quality. Experiments on
virtual—real mixing ratios show that balanced fusion can best exploit synthetic diversity while maintaining realism, whereas

excessive reliance on synthetic data may reduce generalization due to domain gaps. Conclusion This study proposes SOD-
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YOLO, an effective and reliable technical solution for small object detection in low-resolution, large-FOV surveillance vid-

eos. By integrating virtual—real fusion data generation, tiny-feature enhancement, and localization-oriented optimization,

SOD-YOLO improves robustness and precision across diverse real surveillance scenarios and a public benchmark , particu-

larly under high-loU and small-object settings. The proposed framework provides a practical pathway to deploying accurate

small-object detectors in real monitoring systems where annotation scarcity , weak features, and localization sensitivity are

critical constraints.

Key words: video surveillance; convolutional neural network; small object detection; small object localization; sample

augmentation
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Fig. 1  Diagram of SOD-YOLO network
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head structure; (b)Decoupled head structure
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Fig.5 Generation pipeline of small object samples in static

images through copy-and-paste technique guided by semantic

segmentation model SAM?2

Fig. 6 Diagram of generating small target samples for dynamic

videos using UE virtual character assets
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T R RS B R T A I 28 YOLOVT 3 il 4 i T
4.1%.2. 5% 5%, b& AP50 4845 ZME R P RE 418 T
FAth H A il B 2%, 3X & B SOD-YOLO >R A /) H
B AP AE i B i SR W 1] A R 5 0 0 3 W 4 AL A
SR ) 7N B AR AEAS RS B R . X
YOLC F1 Drone-YOLO & [T i1 1% W3 /N B s A6
W 2% , A SC SOD-YOLO 7E /)N H bR YRS B APs fie i
7R R E /IS B BSR4 v )
g

®1 EHIHIASIIEIBER
Table 1 Comparative experimental results of construction

site scenes

AT

i ZHM)  Ap  APS0 AP75 APS0s

(%) (%) (%) (%)

YOLOV? 281 228 526 12.1 463
YOLOVS 286 213 511 121 488
YOLOV10 216 203 505 127 44
RT-DETR 459 253 515 120 446
Faster-rCNN — 215 543 131 485
YOLC 433 229 552 126 456
Drone-YOLO 405 254 569 119 527

SOD-YOLO (Ours) 36.4 245 562 135 539

E UL AR BT e LML, " D AN ORI

®2 BREAEREXFEILIWER
Table 2 Comparative experimental results of highway ser-

vice area scenes

TR R 55 X

A ZHM) AP AP50 AP75 APS0s

(%) (%) (%) (%)

YOLOV? 731 385 802 284 403
YOLOVS 756 389 813 28.0 42.1
YOLOV10 705 377 796 275 416
RT-DETR 1021 40.1 825 288 42.1
Faster-rCNN — 39.5 804 27.6 41.8
YOLC 893 424 833 28.1 436
Drone~YOLO 809 . 41.6 825 27.5 425

SOD-YOLO (Ours) 92.7 42.6 824 295 443

K3 RERESHSEMEEIBER

Table 3 Comparative experimental results of college cam-

pus scenes
PN T

) ZHM) AP APSO AP75 APSOs

(%) (%) (%) (%)

YOLOV7 86.3 337 706 229 36l
YOLOS 785 324 725 225 352
YOLOVIO 742 320 693 244 335
RT-DETR 1046 372 728 227 399
Faster-rCNN — 352 727 241 326
YOLC 918 383 715 252 40.4
Drone-YOLO 841 366 714 245 4Ll

SOD-YOLO (Ours) 95.4 386 715 254 41.1

K 7R T A XM 4% SOD-YOLO 5 Faster-
rCNN,YOLC ,Drone-YOLO K Bt M 2% YOLOv7 75 -
HZIR0A L /0N H BRI 285 S5 HR 7. I T
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TR [ R, B I PR A T AR £ U ) S R
B/ BARE B FRERE A R, S8 2R E /N
H b9k 55 4k 1t X LA R 1) 5 55T Region Proposal
ML H.2 H 38 H B FrA I ) Faster R-CNN £ H 4%
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TARFEAEXS 2 ROBE H AR R 368 1A 2 14 ] 5 ( & o
BIARAE) o 5 LRI AH L, A SCSOD-YOLO 1%t
/N BARFRAE BB 5E |/IN B AR 20 B HE 2 A0 1 58 T >R
B SR W A R/ T T A T an 1 7 o N B SR A
X 35 ) RS [ BT (U &) 7 v e S 1 3R L FL
4IRS , 25 o h BR TR A APSO M4 R AL, 45
B APSO WAL F IR A sl B IR DL 25 8 , F A A S I 4%
N E BRASI EL AT R G P R A 1 A

=5, NE T BRI WA LI G
b b A T A B — i, il EEE S T
I 28 B R 55 X 37 50 v, RT-DETR 78 B K AP 45
Fr L& = F SOD-YOLO, iX 5 H % F Transformer 1)
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55 . VT-TOD %4 45 i [ Bl BB K 2% 45 B fr i
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AU T 85 h R BN AR AT TS didn i, B
A B RN BB 2 FEARRGE KR AL Y
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] 9 I 2l 3k ) 43 o S5 5%, SOD-YOLO #E VT-
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RIS FE AR R DI kgl 43 R 026 5 1A

%4 VT-TOD A HEHEE FH/N B AR gET tE
Table 4 Performance Comparison of Small Object Detection on the VT-TOD Public Dataset

Aot
il ZH iR ES AP50:95(%) AP (%) AP (%)
QueryDet 38.6 M 436 33.8 452 39.8
YOLOC 68.9 M 56.8 424 59.2 54.6
Drone-YOLO 788 M 58.9 48.1 60.8 52.0
SOD-YOLO 744 M 61.4 523 63.5 582

TE UL A A T e LM

F 445 T & AR VI-TOD a] WLk 4E F
(A Rz M BB X FL S5 S . AT LA Y, SOD-YOLO #£ Jir
A e bR L BB T LM AR oS B R Gk #)
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Z T, SOD-YOLO 7 LK X 35 P4 RE A% 45 HH 850 o 5¢
$8 RS R 2E S
3.3 HREhEIE
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K18  VT-TOD £fii 4k A9/ H ARG a] ML 14k
Fig. 8 Visualization Results of Small Object Detection on the VI-TOD Dataset

x5 HELSEI (%)
Table 5 Ablation experiment (%)

N - .

MR onn wows  hamw SEERR AP0 AT "
— — — — — 337 69.6 21.9 36.1
J — — — — 374 70.3 24.4 40.8
— J — — — 36.8 71.3 22.6 40.2
— — v — = 35.1 71.1 23.2 38.9
— — — v — 345 70.8 24.7 37.8
_ _ — — N 32.9 70.4 22.7 36.4
N N — — — 37.9 70.5 24.6 40.6
— — N N N 36.6 71.0 23.8 40.0
J J J V J 38.6 71.3 254 41.1
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Fig. 7 The inference results of different network models
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(e) Z2 U RHIERL & +a-CloU 45 K+ AL 55 Al 141 5 () Bir
A UIRERLR AT

Fig. 9 Heat map of object detection in college campus scene

under different module combinations (a) original image; (b)
YOLOv7 heat map; (c) heat map of “video pre-differential +
routing attention mechanism”; (d) heat map of “multi-scale fea-
ture fusion module”; (e) heat map of “multi-scale feature
fusion + a-CloU loss + decoupled head”; (f) heat map of all the

modules.
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Table 6 Experimental results on model performance with

addition of UE synthetic data.

st HYHHE UEBUE  AP(%)  APS0(%)
— 327 76.6
YOLOV? 6 000 1500 393 80.8
3000 37.1 78.7
— 335 77.9
YOLOvS 6 000 1500 38.2 81.5
3000 39.2 80.4
— 36.2 78.6
RT-DETR 6 000 1500 39.4 81.9
3000 40.3 81.5
— 37.5 79.8
SOD-YOLO 6 000 1500 41.0 82.7
3000 42.1 823

T L P AR B AT A (B, " A ORI &

R7T FRFISBELZEFATHOEZBELHIZE
Table 7 Experimental results on model performance
under a constant training data volume with gradually

reduced real data proportion.

TR HIHE  UEEE  AP(%)  AP50(%)
6 000 2 000 36.8 72.3
YOLOv7 4000 4000 34.4 66.9
— 8 000 18.5 38.8
6 000 2 000 39.2 75.5
YOLOV8 4000 4 000 32.5 69.6
— 8 000 20.8 428
6 000 2 000 39.5 78.2
RT-DETR 4000 4 000 40.8 70.3
—— 8 000 283 50.6
6 000 2 000 39.9 78.7
SOD-YOLO 4000 4 000 41.0 70.8
— 8 000 29.0 51.2
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Fig. 10 Visualization of network inference results after adding
UE synthetic data in the college campus scenario (a) Ground
truth; (b) Inference without synthetic data; (c) Inference with

synthetic data.
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Fig. 11  Visualization of network inference results after adding
UE synthetic data in the highway service area scenario (a)
Ground truth; (b) Inference without synthetic data; (¢) Infer-

ence with synthetic data.
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Fig. 12 Visualization of network inference results after adding
UE synthetic data in the construction site scenario (a) Ground
truth; (b) Inference without synthetic data; (c) Inference with

synthetic data.
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