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Abstract: Military vehicle detection in high-resolution optical remote sensing imagery is a critical link in battlefield situ-
ational awareness and intelligence acquisition, and it imposes stringent requirements on both timeliness and accuracy. In
remote sensing images, military vehicle targets generally appear at small scale, in dense distributions and with arbitrary ori-
entations, while realistic reconnaissance scenarios are frequently accompanied by complex background clutter and occlu-
sion, artificial camouflage interference, and adverse weather such as haze and fog. These factors are strongly coupled: the
physical characteristics of the target itself, its interaction with the surrounding environment, and the imaging conditions act

jointly to degrade the observed imagery, so that the distinguishability of a target from its background and the separability
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among neighboring targets are both markedly reduced. Under foggy conditions in particular, atmospheric scattering attenu-
ates the radiance reflected from the scene and superimposes an additive veil of atmospheric light, and this attenuation grows
rapidly with scene depth. As a result, image contrast and edge energy decay severely, directly eroding the contour cues on
which the detection of small vehicles most heavily relies. Optical remote sensing detection of military vehicles therefore
remains an extremely challenging task. Existing studies have addressed this problem mainly along two lines. For generic
detection under complex backgrounds, attention mechanisms and context modeling have been widely adopted to suppress
background interference and to compensate for the feature loss caused by occlusion, while saliency modeling and generative
adversarial network based approaches have shown potential for enhancing camouflaged and low-resolution targets. For
detection under foggy weather, cascaded schemes that first dehaze and then detect can improve accuracy, but they suffer
from high computational complexity and error accumulation, because the dehazing stage is optimized for perceptual quality
rather than for downstream detection. Parallel dual-branch frameworks that jointly optimize restoration and detection
achieve end-to-end learning, yet still encounter bottlenecks such as strong dependence on paired hazy—clear training data,
complicated network architectures, and the difficulty of balancing the loss weights between the dehazing and detection sub-
tasks. Meanwhile, generic remote sensing detectors are largely built upon natural-image baselines, and their adaptation to
the distinctive properties of remote sensing imagery remains limited ; the attention modules they employ often incur consid-
erable computational overhead that is hard to reconcile with the real-time demands of military reconnaissance. More funda-
mentally, the intrinsic prior knowledge carried by vehicle targets in remote sensing images—in particular their rigid geom-
etry and stable aspect-ratio distribution—has not yet been effectively exploited. Overall, current methods still exhibit evi-
dent deficiencies in adapting to remote sensing characteristics, in balancing efficiency against accuracy, and in generaliz-
ing to real-world scenarios. Motivated by these observations, and taking YOLOv11n (you only look once) , which offers a
favorable trade-off between detection accuracy and inference speed, as the baseline, this paper proposes a fog-density-
guided detection algorithm for military vehicles in real-scenario remote sensing imagery, termed MVF-YOLO (YOLO for
military vehicle detection under foggy conditions). The method improves the baseline at the input, the neck and the detec-
tion head, and is supported by a purpose-built dataset. At the network input, a fog-density-driven edge restoration module
(FDER) is introduced. It fuses the dark channel prior with multi-scale gradient features to estimate a pixel-wise fog density
map that characterizes the spatially non-uniform degradation of the scene, and then uses this map to adaptively re-weight
and restore the edge responses attenuated by scattering, so that heavily fogged regions receive stronger edge compensation
while clear regions remain essentially unchanged and are not over-sharpened. Because FDER carries out edge recovery at
the feature level rather than performing image-level dehazing, it requires neither paired hazy—clear supervision nor an addi-
tional restoration branch, and it improves feature quality under degraded imaging conditions at very low cost. In the neck,
a spatial attention-based frequency selection module (SFS) is designed. It first employs spatial attention to guide the net-
work toward the key regions likely to contain targets, and then performs selective processing in the frequency domain, sup-
pressing low-frequency components that mainly carry smooth background, haze veil and residual noise, and enhancing
high-frequency components that encode contours, textures and structural discontinuities—the cues that are most discrimina-
tive for rigid vehicle targets. This joint spatial—frequency selection strengthens the recognition of occluded and camouflaged
targets whose responses would otherwise be submerged in background energy. In the detection head, a classification loss
based on the aspect-ratio prior of the target, denoted ar_BCELoss, is proposed. Exploiting the rigid geometric nature of
military vehicles, whose aspect ratios are concentrated within a stable interval, the loss modulates the standard binary
cross-entropy according to the consistency between the geometry of a candidate and the prior distribution, thereby empha-
sizing samples that conform to the vehicle shape prior and down-weighting background responses with implausible geom-
etry; the classification boundary is refined and classification accuracy improved with almost no additional computational
overhead. Finally, MVRSD, the only publicly available remote sensing dataset for military vehicle detection in China, is
improved and extended: style transfer techniques are used to synthesize foggy samples with realistic and diverse fog densi-
ties, yielding the MVRSD-V2. 0 dataset, which better represents real-world reconnaissance conditions. Experiments on
MVRSD-V2. 0 show that the proposed method attains an average precision of 87.6% at an loU threshold of 0.5, an

improvement of 4. 4 percentage points over the baseline. Ablation studies confirm that each of the three components contrib-
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utes positively and that their combination performs best: FDER mainly recovers the accuracy lost on heavily degraded foggy

samples, SFS mainly benefits occluded and camouflaged targets in cluttered backgrounds, and ar_BCELoss mainly reduces

false alarms caused by background structures with vehicle-like appearance. Since the added modules introduce only mar-

ginal growth in parameters and computation, these gains are obtained while the model retains the lightweight nature and

inference speed of the YOLOvI1n baseline. Comparisons with mainstream detectors and with cascaded dehazing-then-

detection pipelines further indicate that MVF-YOLO achieves a better accuracy—efficiency trade-off without relying on an

explicit dehazing stage or on paired hazy—clear training data. The experimental results demonstrate that, by jointly perform-

ing fog-density-driven edge restoration, spatially guided frequency selection and shape-prior-constrained classification, the

proposed method possesses strong robustness and reliable military vehicle detection capability under the coupled degrada-

tions of fog, occlusion and camouflage encountered in real scenarios, providing a practical technical reference for remote

sensing reconnaissance applications with real-time requirements.

Key words: remote sensing imagery ; military vehicles; object detection; real-world scenarios; fog density
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Fig. 7 Partial Real Images and Corresponding Fog-Synthesized Images
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Table 2 Experimental hardware environment and experimental parameter settings

W5 Tt H WA
CPU Intel(R) Xeon(R) Platinum 8352V
A PRI
GPU NVIDIA GeoForce RTX 4090(24GB)
CUDA Cuda 12.1.1

Deep Learing Framework
BRAFIRSE
Operating System

Programming Languages

Pytorch 2.4.0
Ubuntu 5.15.0-136-generic

Python 3.11

AR ,TA-YOLO 5 YOLOvSs-Fog £ K5 &
FHXT A, 4390 47 80. 3% F183. 4% X WiFh ik &
BLIE ) UG 3 3 o s N 4 Y REAE AR I R
SRE T SRR T, EASHRE I PR 5 (DR
15 55 W BE R A R AR B HURE A FR DAL I e AR i R
STz AR A B B EUR L % k. MS-

DAYOLO 1 By Jc Wi B 5l 19 385 10 5 25 fe 1 25 1S
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Table 3 Experimental Results on Fog—Synthesized Test Set Images

P 5 AL AR mAP@0.5(%)  Params(M) FLOPs(G) FPS I FHE
TA-YOLO 80.3 62.7 193.89 45.6 T30 A
YOLOv5s—Fog 83.4 7.2 25.8 53.5 K3 FHE
MS-DAYOLO 83.9 247.6 172.4 5.6 I3 AR
TogetherNet 87.4 19.2 79.6 21.8 K- FHAE
YOLOvI1n 83.2 2.6 6.5 199.5 FE 0] 1 FHHE
AODNet+YOLOv11n 84.5 3.5 10.5 42.6 JE 7] 31 FHAE
MVF-YOLO(A S 1) 87.6 3.5 17.6 96.3 JE [0 31 FHE

T IR AR BE eI 2

i, TogetherNet il £ HK 4527 > S lg S SR I 5
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Table 4 Ablation Study Results

W2k b AR@0.5(%) mAP@0.5  Params  FLOPs

SMV LMV AFV scv LCV (%) (M) (G)

TR 81.6 82.4 76.1 92.8 83.1 83.2 2.6 6.5
+FDER 85.6 87.0 80.5 96.0 86.7 87.2 3.6 17.5

+SFS 84.5 85.2 79.9 95.9 86.8 86.5 3.3 7.9
+ar_BCELoss 81.6 83.0 77.1 92.6 83.8 83.6 2.6 6.5
+FDER+SFS 86.0 87.1 80.6 96.4 87.0 87.4 3.5 17.6
+FDER+SFS+ar_BQERgss 86.0 87.5 80.9 96.4 87.1 87.6 3.5 17.6

(MVF-YOLO)
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Fig. 8 Heatmap Visualization Results((a) input image;(b) baseline model; (¢) +FDER; (d) +FDER+SFS)
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Fig.9 Comparison of Detection Performance((a) image with ground-truth bounding boxes; (b) baseline model; (¢) Our model)
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