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Abstract

Tiny object detection in paired visible and thermal aerial images is chal-
lenging because spatial misalignment weakens cross-modal correspondence and
small targets provide limited spatial detail. To address these challenges, we
propose the Four-Directional Mamba Alignment Network (FDMA-Net), which
integrates cross-modal feature alignment, thermal detail enhancement, and
distributional localization. The Four-Directional Mamba Alignment (FDMA)
module uses bidirectional Mamba scans along rows and columns to estimate
sampling displacements, with learned confidence weights aggregating opposite-
direction estimates for feature alignment. Thermal Detail Enhancement (TDE)
supplies shallow thermal features to the finest detection level and the center-
prediction branch to retain fine spatial detail. The Center-Size Distribution
Head (CSDH) models signed center offsets and object dimensions using dis-
crete probability distributions to support tiny-object localization. Experiments
on RGBTDronePerson and VTUAV-det achieve mean AP50 values of 49.08% and
75.7%, respectively, across three seeds. These results exceed the highest AP50
values reported for the compared methods by 3.63 and 3.9 percentage points,
respectively.

Keywords: Visible–thermal object detection, Tiny object detection, Mamba,
Cross-modal alignment, Thermal detail enhancement, Distributional localization
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1 Introduction

Detecting tiny objects in aerial imagery requires distinguishing targets from complex
backgrounds using only a small number of pixels [1, 2]. Visible images provide
appearance and texture, whereas thermal imagery can support detection under low
illumination [3]. Cross-modal fusion exploits this complementarity [4], but requires
reliable association of information with the same target [5, 6].

Spatial correspondence is therefore central to RGB–thermal fusion [5, 7]. When a
target occupies only a few feature locations, a displacement between modalities can
cause target information in one image to be combined with background information
in the other. Existing multispectral detectors address this issue through feature
alignment and cross-modal calibration [5, 7, 8]. For aerial tiny objects, COXNet
combines adaptive alignment with cross-layer fusion and scale integration [6]. These
approaches highlight the need to estimate reliable sampling displacements when tiny
targets provide weak or ambiguous cross-modal correspondence cues.

When local correspondence cues are weak or ambiguous, surrounding spatial
context can provide additional evidence for estimating cross-modal displacements.
Selective state-space models such as Mamba accumulate input-dependent
information along sequences [9], while visual Mamba models extend this capability
to image features through multidirectional scanning [10]. This motivates using
bidirectional scans along image rows and columns to incorporate spatial context into
horizontal and vertical displacement estimation.

We therefore propose the Four-Directional Mamba Alignment Network
(FDMA-Net) for tiny object detection in paired visible and thermal aerial imagery.
Its core module, Four-Directional Mamba Alignment (FDMA), estimates
visible-feature sampling displacements from four-directional cross-modal context and
combines opposing estimates using learned confidence weights. Directional
consistency regularization encourages agreement between opposing predictions
during training. The aggregated displacements guide visible-feature sampling relative
to thermal references before cross-modal fusion. To complement feature alignment,
Thermal Detail Enhancement (TDE) transfers shallow thermal detail to the finest
detection level and the center-prediction branch. The Center-Size Distribution Head
(CSDH) then models signed center offsets and object dimensions as discrete
probability distributions for localization.

The main contributions are summarized as follows:

• We propose Four-Directional Mamba Alignment (FDMA), which uses bidirectional
Mamba scans along rows and columns to estimate visible-feature sampling dis-
placements. Learned confidence weights aggregate opposing directional estimates,
and directional consistency regularization encourages their agreement during train-
ing. The resulting displacements guide visible-feature sampling relative to thermal
references before cross-modal fusion.

• We introduce Thermal Detail Enhancement (TDE), which transfers shallow thermal
C2 features to the finest P3 detection level to supplement aligned features with fine
spatial detail. The thermal detail pathway also supplies subcell information to the
center-prediction branch.
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• We develop a Center-Size Distribution Head (CSDH) that separately models signed
center offsets and full object dimensions using discrete probability distributions.
This representation separates center displacement from object extent for bounding-
box prediction.

2 Related Work

2.1 Visible–thermal alignment

Spatial correspondence is central to combining visible and thermal evidence.
AR-CNN aligns region features [5], whereas C2Former uses inter-modality
cross-attention to learn calibrated representations [7]. For aerial tiny objects,
COXNet combines convolutional sampling-offset prediction with cross-layer fusion
and scale refinement [6]. MSDF-Mamba derives deformable alignment offsets from a
shared reference before selective-scan fusion [11]. These approaches establish explicit
spatial correction as a component of multispectral detection. FDMA investigates the
contextual evidence used for displacement estimation, combining opposing directional
predictions before sampling visible features relative to a thermal reference.

2.2 State-space models for multimodal interaction

Mamba uses input-dependent state-space parameters to propagate information along
sequences, with linear scaling in sequence length for fixed model dimensions [9].
VMamba extends selective scanning to visual features through multiple traversal
routes [10]. Multimodal applications include patch-level fusion in
RemoteDet-Mamba [12], wavelet-based fusion in WaveMamba [13], disparity-guided
fusion in DMM [14], and interaction between thermal and generated pseudo-visible
features in PFGF [15]. Our use of Mamba places directional context within
sampling-displacement estimation, with confidence weighting and consistency
coupling opposite estimates. This design converts directional multimodal context
into an explicit sampling field for feature alignment.

2.3 Spatial detail and distributional localization

Feature Pyramid Networks combine information across scales [16], while COXNet
transfers information between modality levels through cross-layer fusion [6]. Such
designs motivate access to shallow features when targets contain limited spatial
evidence [17]. TDE transfers thermal detail to the finest detection level and supplies
subcell features for center prediction. For localization, center-based detection
represents objects through center points and dimensions [18]; distributional regression
models box-boundary locations with discrete probabilities [19, 20]. CSDH combines
center-based object representation with distributional regression by modeling signed
center offsets and full object dimensions as discrete probability distributions. Within
FDMA-Net, TDE enriches the finest detection features with shallow thermal detail,
while CSDH predicts object centers and sizes for bounding-box localization.
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Fig. 1 Overall architecture of FDMA-Net. (a) Two modality-specific backbones and feature
pyramids provide visible and thermal features at P3–P6. FDMA produces fused features F3–
F6; the thermal C2 pathway enhances F3 into Y3 and supplies a center-prediction shortcut. (b)
Four-directional Mamba alignment combines horizontal and vertical displacement estimates before
visible-feature warping and fusion. (c) TDE forms the subcell tensor U3 by channel projection and
PixelUnshuffle, then generates the scaled detail update αD ⊙D3. (d) CSDH receives Y3, F4–F6 and
predicts class scores, 18 center logits, and 66 size logits. The projection h(U3) updates the P3 center
logits before softmax and box decoding.

3 Methods

3.1 Architecture

FDMA-Net follows a GFL-based dense detection framework [19] with two
independent YOLOv8m backbones [21] and feature pyramids [16] to produce
Vl, Tl ∈ R

B×256×Hl×Wl at levels l = 3, . . . , 6, with strides sl = 8, 16, 32, 64. Thermal
annotations define the detection coordinates. FDMA fuses the modalities at every
level; TDE enhances P3; CSDH predicts classes and boxes. The fused outputs are
F3, . . . , F6; after TDE, CSDH receives Y3, F4, F5, F6, as labeled in Fig. 1.
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3.2 Four-Directional Mamba Alignment

Let S(X, g) denote bilinear sampling with zero padding, where normalized
coordinates (−1,−1) and (1, 1) correspond to the centers of the top-left and
bottom-right feature pixels, respectively. At pyramid level l, the normalized reference
coordinate at spatial location (i, j) is defined as

rl(i, j) =

(
2(j + 0.5)

Wl

− 1,
2(i+ 0.5)

Hl

− 1

)
.

The reference-sampled visible and thermal features are V 0
l = S(Vl, rl) and

T 0
l = S(Tl, rl), respectively. This reference sampling is not an identity operation; its

exact coordinate mapping is given in Supplementary Methods. Separate
convolution–normalization–GELU projections produce 32-channel embeddings vl
and tl, which are combined into a cross-modal relation feature:

Rl = ψl([vl, tl, vl − tl, vl ⊙ tl]), (1)

where ψl projects the concatenated relation feature to 32 channels.
As shown in Fig. 2, each row and column of Rl forms an independent sequence.

For axis a ∈ {h, v}, the residual block Bl,a(X) = X +Mambal,a(LN(X)) processes
forward and reversed sequences; reversed outputs are restored to spatial order.
Opposite directions share the block and prediction head, while axes and levels have
separate parameters. Each level thus uses two parameterized blocks and four
evaluations. The Mamba model and state dimensions are 32 and 16; convolution
width is four and expansion is two.

A 3× 3 convolution, GELU, and 1× 1 convolution predict displacement and
confidence logits adl , b

d
l in each direction. For Dx = {→,←} and Dy = {↓, ↑},

ddl = rmax
l tanh(adl ), cdl = σ(bdl ),

d̄kl =

∑
d∈Dk

cdl d
d
l∑

d∈Dk
cdl + 10−6

,

∆kl = αld̄
k
l , αl = 2σ(θl), k ∈ {x, y}.

(2)

The parameter rmax
l bounds each directional displacement before learnable level

scaling. We use a base displacement range of R = 16 input-image pixels per
coordinate axis and set rmax

l = R/sl. For pyramid strides sl = (8, 16, 32, 64), this
gives (rmax

3 , rmax
4 , rmax

5 , rmax
6 ) = (2, 1, 0.5, 0.25) in feature-map pixels. This setting

maintains the same base displacement range across pyramid levels. The learnable
scale αl ∈ (0, 2) subsequently adjusts the fused displacement at each level. Initial
offsets are zero, confidences are 0.5, and αl = 1. All directional predictions use the
same coordinate signs. The fused estimates d̄xl , d̄

y
l correspond to d̄x, d̄y in Fig. 2,
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Fig. 2 Detailed FDMA architecture at one pyramid level. Reference sampling and relation encoding
produce the 32-channel relation feature R. (A) Each row or column is processed as an independent
sequence in opposite directions, with shared Mamba and prediction-head parameters within each axis.
(B) Directional heads predict bounded displacements d and confidence values c. Confidence fusion
gives d̄x and d̄y , which are scaled by α and converted to the sampling grid g. The original visible
feature is sampled at g and concatenated with the thermal reference, followed by a 1× 1 projection
from 512 to 256 channels. Directional consistency is applied during training.

where the pyramid-level index is omitted. The displaced grid and fused feature are

gl = rl +

(
2∆xl

max(Wl − 1, 1)
,

2∆yl
max(Hl − 1, 1)

)
,

V̂l = S(Vl, gl), Fl = Conv1×1([V̂l, T
0
l ]).

(3)

The final sampler acts on the original visible feature. Before confidence weighting
and level scaling, opposite estimates are regularized by

Ldir =
1

4

6∑

l=3

meanb,i,j

(
|d→l − d←l |+ |d↓l − d

↑
l |
)
. (4)

The consistency term is averaged over all spatial locations and complements the
detection objective during training.

3.3 Thermal Detail Enhancement

TDE projects the native stride-4 thermal C2 feature from 96 to 32 channels and
applies PixelUnshuffle with a downsampling factor of two to rearrange spatial
information into channels, producing the 128-channel tensor U3 (Fig. 1c). A
depthwise convolution, group normalization, GELU, and pointwise projection form a
256-channel update D3. The enhanced feature is Y3 = F3 +αD ⊙D3, where the
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learnable channel scale starts at 0.1; higher levels are unchanged. In FDMA-Net, a
separate projection h(U3) with channel dimensions 128→ 32→ 18, scaled by a fixed
0.1, updates P3 center logits after level scaling and before softmax. The per-level
regression-logit scale is learnable and initialized to one. The subcell shortcut directly
modifies neither size logits nor higher levels.

3.4 Center-Size Distribution Head

As shown in Fig. 1d, CSDH uses separate four-layer classification and regression
towers shared across levels. It predicts C classification logits per spatial location,
where C = 3 for RGBTDronePerson and C = 1 for VTUAV-det, together with 84
regression logits: nine bins per signed center axis over [−2, 2] and 33 bins per full-size
axis over [0, 32], in stride units. Relative to the prior center ql,i,j = (jsl, isl), targets
are

t = (δx, δy, ρw, ρh) =

(
cx − qx
sl

,
cy − qy
sl

,
w

sl
,
h

sl

)
. (5)

Softmax is applied independently to the four distributions. Probability-weighted
expectations yield the continuous values δ̂x, δ̂y, ρ̂w, ρ̂h used by the Box Decoder in
Fig. 1d; box corners are the decoded center plus or minus half the dimensions.
Distribution focal supervision interpolates between adjacent support bins, with exact
endpoint handling [19].

Training candidates must be valid, non-ignored, within 1.5 strides of the target
center along both axes, and representable by the distribution supports. A two-stage
cardinality-first minimum-cost assignment first maximizes the number of objects
assigned distinct locations, minimizing cost at that cardinality, and then adds at most
two unused locations per matched object, giving K ≤ 3 positive locations as shown
in Fig. 1d. Its no-gradient cost combines negative log class probability, twice the
generalized-IoU loss [22], and 0.25 times the mean distribution loss across four axes.

3.5 Training objective

The objective combines quality focal classification [19], generalized-IoU [22] and
distribution losses weighted by detached maximum class scores, the object-region
feature regularizer of Peng et al. [6], and directional consistency:

L = LQFL + Lbox + Ldist + 0.1Lfeat + λdir(e)Ldir. (6)

Here, e denotes the training epoch. The box and distribution terms include weights 2
and 0.25, respectively. The feature term compares channel distributions of fused and
unsampled thermal features within expanded object regions; both retain gradients.
The directional weight is 0.01 in epochs 1–8, 0.005 in epochs 9–10, and zero in
epochs 11–12.
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4 Experiments

4.1 Experimental setup

We evaluate FDMA-Net on RGBTDronePerson [2] and VTUAV-det [2], a detection
reannotation of the VTUAV tracking benchmark [23]. RGBTDronePerson contains
4,841 filtered training pairs and 1,225 validation pairs with person, rider, and crowd
annotations. For VTUAV-det, person is the sole foreground class in both training
and evaluation.

The models are implemented using the MMDetection framework [24] and trained
on two RTX A5000 GPUs with a total batch size of 16 and a 12-epoch SGD
schedule. RGBTDronePerson images are resized to fit 640× 512 while preserving
aspect ratio and padded to multiples of 32, with learning-rate drops at epochs 9 and
12. For VTUAV-det, 11,208 person-positive pairs are used for training and all 5,378
original test pairs for evaluation; images are resized with aspect ratio preserved and
padded to 640× 384, with paired horizontal flipping (p = 0.5) and learning-rate
drops at epochs 8 and 11.

We report size-specific detection performance on RGBTDronePerson [2]. Object
scale is defined as s =

√
wh, where w and h are the annotated bounding-box width

and height in pixels. The Tiny group covers s ∈ [1, 20] and includes three finer
groups: Tiny1 (s ∈ [1, 8]), Tiny2 (s ∈ [8, 12]), and Tiny3 (s ∈ [12, 20]). The Small
group covers s ∈ [20, 32]. All size-specific results in Tables 1 and 4 report AP at an
IoU threshold of 0.50. Tiny AP is computed jointly over the full Tiny range. The
superscript “all” denotes the full evaluated size range, and AP25 denotes AP at an
IoU threshold of 0.25.

FDMA-Net results in Table 1 and Table 2 and all ablation results in Table 3 and
Table 4 are averaged over runs with seeds 0, 1, and 2. Each run uses its
highest-validation-AP50 checkpoint, with checkpoint selection and reporting
performed on the same validation split. AP follows the tiny-object evaluator and its
ignore rules; AP50:95 averages ten IoU thresholds from 0.50 to 0.95 under this
protocol. VTUAV-det results are evaluated on the test split for the person class. AP
denotes person-class average precision averaged over IoU thresholds from 0.50 to
0.95 in steps of 0.05. AP50 and AP75 use IoU thresholds of 0.50 and 0.75,
respectively. For VTUAV-det, APs, APm, and APl follow the standard COCO
area-based definitions [25]: small objects have area A < 322, medium objects satisfy
322 ≤ A < 962, and large objects have A ≥ 962 pixels2. These groups are distinct
from the Tiny/Small ranges defined above for RGBTDronePerson.
RGBTDronePerson inference uses a score threshold of 0.05, class-wise NMS at IoU
0.3, and at most 100 detections per image. Our timing measurements use one RTX
A5000, batch size one, and FP32 tensors, with 50 warm-up iterations followed by
three repetitions of 300 images; decoding and NMS are included, while image loading
is excluded. Additional implementation and evaluation settings are provided in
Supplementary Table S3 and Supplementary Methods.
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Table 1 Performance comparison on RGBTDronePerson [2]. AP values are percentages. GFLOPs
denotes computational complexity, and Params(M) denotes the number of parameters in millions.
FDMA-Net results are averaged over three independent runs with seeds 0, 1, and 2; only the mean
values are shown in this table.

Method APall
25 APtiny

50 APtiny1
50 APtiny2

50 APtiny3
50 APsmall

50 APall
50 GFLOPs Params(M)

Cascade R-CNN† [26] 42.47 31.99 0.00 29.43 37.77 33.61 31.55 76.23 92.35

RetinaNet† [27] 38.92 23.34 4.69 13.57 32.66 15.77 22.87 49.48 59.56

FCOS† [28] 45.21 30.71 9.40 22.73 34.87 26.00 29.89 47.21 78.32

ATSS† [29] 53.14 37.47 16.92 24.16 43.59 24.62 36.24 48.73 55.31

GFL† [19] 56.91 41.67 12.47 30.23 47.68 26.72 39.74 49.22 55.45

FCOS† + RFLA [1, 28] 51.41 39.45 25.87 30.93 44.31 25.32 38.20 110.62 78.32

QueryDet† [17] 55.16 37.75 17.89 24.90 44.05 25.52 37.07 121.67 62.58

TINet [30] 40.34 28.60 0.00 24.12 34.99 34.97 28.30 92.80 100.86

CFT [31] 37.32 22.83 16.72 18.14 27.52 8.14 22.69 112.02 206.26

HRFuser [32] 33.24 22.50 0.00 26.73 26.26 23.85 22.23 54.17 55.47

QFDet [2] 57.34 44.04 20.27 30.09 50.36 26.78 42.08 81.43 60.19

COXNet [6] 58.61 47.12 18.68 35.03 51.96 28.98 45.45 51.27 71.11

FDMA-Net (ours) 62.07 50.58 22.77 38.65 54.42 31.37 49.08 76.25 36.74

†Detector adapted to paired RGB–thermal inputs.

4.2 Comparison with published detectors

Table 1 shows that FDMA-Net achieves the highest overall AP25 (62.07%) and
AP50 (49.08%) among the listed methods, improving AP50 over COXNet by 3.63
percentage points. Although FCOS with RFLA achieves higher Tiny1 AP50 and
Cascade R-CNN and TINet achieve higher Small AP50, FDMA-Net surpasses all
three in both overall and aggregate Tiny AP50. FDMA-Net achieves these
performance gains with only 36.74 million parameters, the lowest reported parameter
count among the listed detectors, highlighting its parameter efficiency.

Table 2 presents the VTUAV-det results. FDMA-Net achieves AP of 33.1% and
AP50 of 75.7%, exceeding COXNet by 1.6 and 3.9 percentage points, respectively.
APs increases from 15.3% to 19.8%, and APm increases from 30.6% to 32.7%. The
improvements in APs and APm further support the effectiveness of FDMA-Net for
detecting small and medium-sized objects in aerial visible–thermal imagery.
Together, the findings on both datasets support the effectiveness of FDMA-Net for
object detection in aerial visible–thermal imagery.

4.3 Component performance and inference cost

We evaluate the progressive integration of FDMA, TDE, and CSDH using the same
data splits and optimization schedule. The paired-fusion baseline uses dual backbones
with feature concatenation and projection. FDMA introduces directional alignment,
while TDE enhances P3 with shallow thermal features. The first three configurations
in Table 3 retain the baseline 17-bin boundary-distribution head and its associated
assignment strategy. The final configuration retains FDMA and the TDE
feature-enhancement pathway while replacing the baseline localization setup with
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Table 2 Performance comparison on VTUAV-det [2]. AP values are percentages; AP averages IoU
thresholds 0.50–0.95. Subscripts s, m, and l denote small, medium, and large objects. FDMA-Net
results are averaged over three independent runs with seeds 0, 1, and 2; only the mean values are
reported.

Method AP AP50 AP75 APs APm APl

ATSS† [29] 21.4 52.7 13.9 5.9 20.8 45.2

GFL† [19] 29.8 67.8 22.2 10.3 29.7 55.7

QueryDet† [17] 29.5 68.9 20.2 7.8 29.9 53.5
CFT [31] 8.7 29.3 2.4 3.9 8.5 23.4
HRFuser [32] 25.9 55.9 20.1 2.7 27.9 51.9
TINet [30] 26.8 59.4 20.1 1.2 29.0 53.7
QFDet [2] 31.1 70.4 22.9 12.5 20.4 56.8
COXNet [6] 31.5 71.8 23.1 15.3 30.6 56.0

FDMA-Net (ours) 33.1 75.7 23.3 19.8 32.7 52.8

†Adapted RGBT detector.

Table 3 Component ablation on RGBTDronePerson. Check marks indicate enabled modules.
The first and last rows correspond to the paired-fusion baseline and the full FDMA-Net,
respectively. AP values are percentages, reported as mean ± sample standard deviation over three
seeds. Params(M) and FPS denote parameter count and inference throughput.

FDMA TDE CSDH AP25 AP50 AP75 AP50:95 Params(M) FPS

– – – 59.13± 1.30 43.44± 0.97 4.10± 0.27 13.92± 0.63 36.424 58.9
✓ – – 59.33± 0.40 46.30± 0.12 5.65± 0.30 15.96± 0.17 36.661 34.2
✓ ✓ – 59.96± 0.23 46.86± 0.52 6.01± 0.25 16.41± 0.29 36.698 33.5
✓ ✓ ✓ 62.07± 0.44 49.08± 0.89 5.47± 0.41 16.71± 0.52 36.738 32.9

the complete CSDH configuration, which includes the center-size distribution head,
its corresponding assignment strategy, and the thermal subcell-to-center shortcut.

Table 3 reports three-seed means. Adding FDMA increases mean AP50 from
43.44% to 46.30%. TDE further improves mean AP50 by 0.56 percentage points to
46.86%. The complete CSDH configuration provides an additional gain of 2.22
percentage points, bringing the full FDMA-Net to 49.08% mean AP50.

FDMA adds approximately 0.24 million parameters to the paired-fusion baseline,
while TDE and CSDH together add a further 0.077 million. The complete FDMA-Net
contains 36.738 million parameters and achieves an inference throughput of 32.9 FPS.

To further examine the directional design of FDMA, we compare single-direction,
two-direction, and four-direction configurations with different aggregation schemes in
Supplementary Table S1. The final FDMA configuration achieves 49.08% mean
AP50, compared with 47.65% for unweighted four-direction averaging, supporting
the benefit of reliability-aware aggregation.
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Table 4 Ablation of directional consistency regularization in FDMA-Net on RGBTDronePerson.
With and without denote training with the scheduled Ldir term and with its weight fixed to zero,
respectively. Tiny, Tiny1–Tiny3, and Small report AP50 for the corresponding object-size groups.
All values are percentages; the better result in each column is shown in bold. Results are reported
as mean ± sample standard deviation over three independent training runs with seeds 0, 1, and 2.

Consistency
loss AP25 AP50 AP75 Tiny Tiny1 Tiny2 Tiny3 Small

With
62.07
±0.44

49.08
±0.89

5.47
±0.41

50.58
±1.03

22.77
±7.73

38.65
±0.80

54.42
±0.95

31.37
±0.68

Without
61.14
±0.44

48.59
±0.20

5.56
±0.27

50.25
±0.26

15.04
±8.14

37.03
±0.75

56.58
±0.80

28.03
±0.73

4.4 Effect of directional consistency

We evaluate the contribution of the directional consistency term Ldir in Eq. 4 by
comparing FDMA-Net trained with and without this regularizer. The configuration
with consistency uses the scheduled λdir(e) defined in the training objective, whereas
the configuration without consistency sets λdir(e) = 0 throughout training. Both
configurations retain FDMA, TDE, and CSDH, along with the remaining loss terms.

As shown in Table 4, directional consistency increases the three-seed mean AP25
from 61.14% to 62.07% and mean AP50 from 48.59% to 49.08%, corresponding to
gains of 0.93 and 0.49 percentage points, respectively. The largest increase in mean
AP50 occurs for Tiny1, from 15.04% to 22.77%, while Small AP50 increases from
28.03% to 31.37%.

4.5 Comparison before and after alignment

Figure 3 visualizes the visible sampling locations associated with a fixed thermal
reference point p. For each object example, S0 marks the initial visible location, and
S1 marks the location after the FDMA displacement is applied. The thermal point
remains fixed while the visible sampling position is updated. The two examples
illustrate how FDMA adjusts the visible information retrieved for a thermal
reference. Supplementary Table S2 provides an object-center diagnostic of the
learned sampling behavior using automatically matched cross-modal object pairs
from a training subset.

4.6 Qualitative detection comparisons

Figure 4 compares COXNet, the paired-fusion baseline, and progressively augmented
configurations of FDMA-Net. The examples include clustered targets, objects near
buildings and vegetation, and sparsely distributed pedestrians. The comparisons
illustrate how directional alignment, thermal detail enhancement, and center-size
prediction jointly contribute to detecting targets in these scenes.
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Fig. 3 Visible sampling locations before and after FDMA for two object examples. Each example
pairs a visible crop with a thermal reference. The upper row marks the initial visible location S0 in
orange; the lower row marks the adjusted location S1 in magenta. The cyan star indicates the fixed
thermal location p. Arrows associate each visible sampling location with the same thermal reference.

Fig. 4 Qualitative detection comparisons on RGBTDronePerson. GT denotes ground truth. A, B,
and C represent FDMA, TDE, and CSDH, respectively; the final column corresponds to FDMA-Net
with all three modules. Each row shows predictions on the same thermal image, using a common
score threshold across models. Green, cyan, and magenta boxes indicate person, rider, and crowd,
respectively. Gray dashed outlines denote ignored or uncertain ground-truth regions.
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5 Discussion

The results support the integration of directional contextual modeling, thermal
detail enhancement, and center-size localization for aerial visible–thermal tiny-object
detection. FDMA-Net improves both overall and aggregate Tiny AP50 on
RGBTDronePerson, while also improving small- and medium-object AP on
VTUAV-det. In the RGBTDronePerson comparison, these gains are achieved with
the lowest reported parameter count among the listed detectors, demonstrating the
parameter efficiency of the integrated architecture.

Within the evaluated sequence of component configurations, adding FDMA
provides the largest incremental AP50 gain. This result supports the use of
surrounding row and column context to guide cross-modal sampling when tiny
targets provide limited correspondence cues. The directional study further shows
that reliability-aware aggregation outperforms unweighted four-direction averaging,
highlighting the importance of confidence weighting when combining directional
estimates. Directional consistency complements this design by encouraging
agreement between opposing estimates during training and increasing overall mean
AP50 in the reported ablation.

TDE and CSDH address feature detail and localization, respectively. TDE
enriches the finest detection features with shallow thermal information, while the
thermal subcell-to-center shortcut makes this detail directly available to center
prediction. CSDH separately models signed center offsets and full object dimensions,
with expectation-based decoding producing continuous localization estimates. The
additional AP50 gains obtained with TDE and the complete CSDH configuration
support combining high-resolution thermal cues with an explicit center-size
representation for tiny-object detection.

The results also identify opportunities to refine strict-IoU localization,
large-object detection, and inference throughput. Potential extensions include finer
distribution supports, thermal detail enhancement at additional pyramid levels, and
more efficient directional scanning. Adaptive displacement ranges or iterative
refinement could improve the handling of larger residual offsets. Additional training
runs and evaluation with an independent checkpoint-selection split would strengthen
the assessment of robustness and generalization.

6 Conclusion

We presented FDMA-Net for tiny object detection in visible and thermal aerial
imagery. FDMA estimates sampling displacements from four-directional Mamba
context, TDE supplies shallow thermal detail, and CSDH predicts signed center
offsets and full box dimensions. FDMA-Net achieves AP50 of 49.08% on
RGBTDronePerson and 75.7% on VTUAV-det, improving on the compared COXNet
configurations by 3.63 and 3.9 percentage points. Three-seed component experiments
on RGBTDronePerson show that FDMA raises AP50 by 2.86 percentage points and
that the complete model improves AP50 by 5.64 percentage points over paired
feature fusion. The consistency ablation further shows a modest increase in overall
mean AP50, while its effect varies across object-size groups. The results support
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combining directional alignment, thermal detail transfer, and distributional
localization for aerial RGB–thermal detection.

Data availability

RGBTDronePerson and the VTUAV-det detection annotations are accessible
through the project page at https://nnnnerd.github.io/RGBTDronePerson/ [2].
VTUAV-det is derived from the VTUAV tracking benchmark [23]. Aggregate results
are provided in Tables 1–4.

Code availability

The source code and configuration files for FDMA-Net will be made publicly
available on GitHub upon publication. During peer review, the implementation can
be provided to editors and reviewers upon reasonable request.
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