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Abstract. Modern object detectors systematically fail on concealed,
camouflaged, or strategically hidden objects, not due to insufficient ca-
pacity, but because they reason solely from visual appearance with no
mechanism to consider where objects might be hidden. We propose IACD
(Tterative Adversarial Collaborative Detection), a dual-perspective frame-
work that pairs a frozen pretrained YOLOv11m (Seeker) with a lightweight
trainable module (Hider) that reasons inversely: given the environment,
where would a target be hidden? The Hider analyzes environmental con-
cealment suitability across texture, edge, and semantic dimensions, then
identifies the Seeker’s blind spots by contrasting suitability against detec-
tion coverage. The resulting blind spot maps residually amplify feature
responses via attention gates before a second detection pass. The two
branches interact across multiple rounds, with the Hider’s blind spot
estimates informing the attention gates that guide the second detection
pass. Crucially, the Hider is trained under weak supervision derived solely
from the detector’s own false negatives, requiring no manual concealment
annotations. We frame this as detector blind-region recovery—recovering
a frozen detector’s false negatives—rather than as standard camouflaged
object detection. Experiments on the Poppy illegal crop detection dataset
and the VisDrone aerial surveillance benchmark demonstrate consistent
improvements over the strong YOLOv11lm baseline, while introducing
only ~9M trainable parameters atop the frozen detector.
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1 Introduction

Object detectors are increasingly deployed in applications where targets actively
or passively conceal themselves to evade detection. In agricultural law enforce-
ment, illegal opium poppy cultivations are deliberately interplanted with legit-
imate crops or sited beneath canopy cover [14127]. In aerial and urban surveil-
lance, small targets blend into cluttered backgrounds and are further degraded
by resolution limits |30]. More broadly, camouflaged organisms and artifacts ex-
ploit visual similarity with their surroundings to avoid detection [3]|. Despite
substantial progress in object detection [1,/18,/19], modern detectors continue to
exhibit systematic failures on these concealed targets.

This failure is not a capacity limitation; it reflects a fundamental design
assumption shared by all contemporary detectors: targets are localized solely
from visual appearance, with no mechanism to reason about where objects might
be hidden when those cues are suppressed. Existing remedies, including improved
architectures [8], end-to-end transformer detectors 28|, and multi-scale feature
pyramids [12], all operate within the same single-perspective paradigm and thus
cannot address this root cause. Camouflaged object detection (COD) methods |3]
5] approach the problem from a segmentation perspective but produce no image-
specific blind spot maps to guide a second detection pass.

The missing ingredient is a complementary reasoning strategy: thinking like
the hider. Rather than asking “does this region look like a target?”, an observer
can ask “if I wanted to conceal something here, where would I place it?”, thereby
directing attention toward likely hiding spots even when they offer minimal visual
evidence. While this inverse perspective has been partially explored in camou-
flaged object detection [25], no prior work has applied it within a practical detec-
tion pipeline that requires no concealment annotations, integrates as a plug-in
atop a pretrained YOLOv11m detector, and produces blind spot estimates across
multiple rounds.

We propose IACD (Iterative Adversarial Collaborative Detection), a frame-
work that formalizes this dual-perspective reasoning for object detection (Fig-
ure[I)). IACD augments a frozen pretrained detector (the Seeker) with a lightweight
Hider module that models environmental concealment suitability and predicts
where the Seeker is likely to fail. The predicted blind spot maps are used to resid-
ually amplify YOLO neck features via learned attention gates before a second
detection pass, enabling the detector to recover missed targets without modify-
ing its original weights. The Hider is applied over multiple rounds, producing
blind spot estimates that drive the attention gates for the second detection pass.
Crucially, the Hider is trained through weak supervision derived entirely from
the Seeker’s own false negatives, requiring no manually annotated concealment
labels.

This work makes the following contributions:

— We formulate detector blind-region recovery—recovering a frozen detec-
tor’s false negatives—and introduce a dual-perspective framework that
models the hider’s inverse reasoning as a prior for it, complementing the
standard forward appearance-based detection paradigm.
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Fig. 1: Dual-perspective reasoning for detector blind-region recovery, illustrated on
illegal poppy cultivation. Left (Primary Identity): conventional detectors identify
targets by visual appearance—objects that look like poppies are detected (yellow cir-
cles), but concealed plantings among legitimate crops are missed. Right (Adversary
Identity): by adopting the hider’s perspective, reasoning about which locations favor
concealment (dense vegetation, canopy cover, field edges), the system directs attention
toward likely hiding spots (pink circles), recovering targets invisible to appearance-
based detection alone. IACD formalizes this dual-perspective reasoning within a Seeker-
Hider framework.

— We propose a Hider branch comprising an Environment Analyzer and a
Blind Spot Predictor, paired with learned Attention Gates that use the
predicted blind spot maps to amplify detector features in concealment-likely
regions.

— We develop a weakly supervised training scheme that derives blind-
spot supervision directly from the detector’s false negatives, requiring no
additional manual annotations.

— We demonstrate consistent improvements over a strong YOLOv1lm base-
line on two challenging benchmarks (Poppy illegal crop detection and Vis-
Drone aerial surveillance) using only ~9M trainable parameters atop a frozen
20.1M-parameter detector.

2 Related Work

2.1 Real-Time Object Detection

Real-time object detection has advanced along two complementary trajecto-
ries. The YOLO family [8][9}[18,[21] established the dominant paradigm for
single-stage detection, with successive versions progressively refining the accu-
racy/speed trade-off through decoupled prediction heads, anchor-free formula-
tions, and C2f bottleneck modules. YOLOv9 further addresses information
loss in deep networks via Programmable Gradient Information (PGI), ensuring
complete input context is preserved all the way into the prediction stage. In



4 X. Li et al.

parallel, transformer-based approaches introduced end-to-end detection without
hand-crafted anchors: DETR [1] first demonstrated the viability of set-prediction
for detection, and RT-DETR [28| extended this to real-time inference through
an efficient hybrid encoder with IoU-aware query selection.

Despite diverging in architecture (convolutional vs. transformer, anchor-based
vs. anchor-free), all of these methods share a fundamental assumption: objects
are localized exclusively from their visual appearance in a single forward pass.
When appearance cues are suppressed through camouflage or environmental
blending, this shared assumption fails, and no architectural refinement within
this paradigm can compensate for the lack of a complementary reasoning strat-

egy.

2.2 Camouflaged Object Detection

Camouflaged object detection (COD) addresses the challenge of segmenting ob-
jects whose appearance closely mimics their surroundings [3]. The field has pur-
sued progress along two parallel directions. On one front, methods have progres-
sively enriched the visual reasoning process: SINet-V2 [3] introduced a search-
and-identification strategy inspired by predatory behavior; FEDER [5] decom-
poses features and reconstructs edge cues to suppress background interference;
and FSEL |20] jointly reasons in frequency and spatial domains to expose tex-
ture boundaries invisible to either domain alone. On another front, methods have
sought to reduce reliance on expensive annotations: Noisy-COD [26] learns from
noisy pseudo-labels, and VSCode [15] unifies salient and camouflaged detection
under a single 2D prompt-learning framework, broadening applicability without
task-specific retraining.

The work most directly related to IACD is UCOD-DPL |[25|, which intro-
duces an adversarial dual-branch decoder that reasons about foreground and
background through complementary perspectives via teacher-student learning,
making it the first COD method to explicitly leverage a dual-perspective design.
Yet UCOD-DPL shares the core constraints of all prior COD work: it is a stan-
dalone model trained from scratch on curated camouflage datasets with dense
pixel-level annotations, and its dual-branch predictions are computed in isola-
tion, without any feedback from intermediate detection outputs. Consequently,
it cannot be grafted onto an existing pretrained detector, and its training signal
depends entirely on manually annotated concealment masks.

In contrast to all prior COD work, IACD requires no curated concealment
datasets or pixel-level annotations, operates as a plug-in module atop a frozen
pretrained YOLOv11lm detector rather than a standalone model, and produces
image-specific blind spot maps that guide a second detection pass at inference
time.

Positioning relative to COD, and why we do not compare directly. We
stress that TACD does not target the standard COD benchmark task, and we
therefore do not report head-to-head comparisons against specialized COD mod-
els such as SINet-V2 [3] or FEDER [5]. “Concealment” here denotes a reverse-
thinking reasoning prior, not the canonical close-range camouflage task: our ob-
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jective is detector blind-region recovery, i.e. recovering the instance-level false
negatives of a frozen detector on aerial imagery. A direct mAP comparison
would be neither well-defined nor fair, for three reasons. (i) Incompatible out-
puts: COD methods emit a single-channel pixel-level foreground mask, whereas
detection mAP requires class-labelled instance boxes; bridging the two requires
a mask-to-box heuristic that confounds the comparison with conversion arte-
facts. (i) Domain mismatch: COD models are trained on close-range natural-
camouflage datasets (COD10K, NC4K) and degrade sharply under the scale-,
viewpoint-, and resolution-dominated concealment of UAV imagery. (iii) Seman-
tic scope: COD is single-foreground binary segmentation, whereas our bench-
marks require multi-class detection (ten categories on VisDrone), which lies out-
side the COD formulation. We thus treat COD as related but methodologically
distinct prior art, and benchmark TACD against general-purpose detectors that
share its instance-level, multi-class output space.

2.3 'Weakly Supervised Object Detection

Obtaining supervision without exhaustive annotation is a persistent challenge.
Weakly supervised detectors derive localization from image-level labels [11],
while semi-supervised methods self-train on pseudo-labels, where ensuring la-
bel quality is key—e.g. Consistent-Teacher [23| stabilizes the teacher’s targets
across iterations. IACD instead mines supervision from the base detector’s fail-
ures on already-labeled data: ground-truth boxes the frozen detector misses at
training time form the false-negative signal driving the Hider, needing no anno-
tation beyond the bounding boxes already present in any detection dataset.

2.4 Frozen Backbone Adaptation

A growing paradigm freezes large pretrained models and augments them with
compact trainable modules instead of full fine-tuning. Adapters [2/6] and prompt-
tuning |7] approach full fine-tuning with few extra parameters while preserving
pretrained representations, and Frozen-DETR [4] extends this to detection by
bridging frozen foundation-model features. IACD applies the same paradigm to
a complete detection pipeline: the entire YOLOv11lm is frozen, and lightweight
modules driven by its own failure signals are inserted upstream of the head.

3 TACD: Iterative Adversarial Collaborative Detection

3.1 Problem Formulation

Let I € RBX3XHXW denote a batch of input images, and let G denote the
set of ground-truth bounding boxes. A standard detector fy produces detections
D = fo(I) that miss a subset FA = G\ D of false negative (FN) targets. Our goal
is to train an auxiliary module that identifies the spatial regions responsible for
these failures (the blind spots) and guides the detector to recover them, without
modifying 0.
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Formally, we seek a blind spot map B € [0, 1]BX1XH/XW/ such that high
values of B coincide with the centers of FN targets. Given B, we then modulate
the detector’s internal features to increase the response in those regions and run
a second detection pass.

3.2 Framework Overview

The TACD framework (Figure [2)) consists of four trainable components layered
atop a frozen pretrained YOLOv11m [9]: (1) Feature Projections that map
YOLO neck features to a uniform 256-channel space for the Hider; (2) the Hider
Branch that predicts environmental suitability and blind spot maps; (3) At-
tention Gates that residually amplify neck features guided by the blind spot
map; and (4) an Auxiliary Detection Head used only during training. The
backbone and detection head of YOLOv11lm are entirely frozen; only the ~9M
parameters of the IACD modules are trained.

Feature extraction relies on PyTorch’s register_forward_hook mechanism.
During a single YOLOv11m forward pass, neck outputs at three scales are in-
tercepted: Py € RBE*c3x80x80 (gtride 8), Py € REXcax40x40 (gtride 16), and
P5 € RBXesx20x20 (gtride 32), where c3 =256, ¢y =512, c5 =512 are the native
YOLOv11m neck channel dimensions. These features are then projected to 256
channels each via 1x1 Conv-BN-SiLU blocks, forming the shared feature set
F = {P%, P}, P} used by the Hider.

3.3 Hider Branch

The Hider branch takes F and the Seeker’s detection coverage map D as inputs
and produces the blind spot map B. It comprises two sequential modules.

Environment Analyzer. The Environment Analyzer answers the question:
given the scene content, which regions offer favorable concealment conditions?
It fuses the three scales by upsampling P} and P} to 80 x 80 and concatenating
with P4, producing a 768-channel fused representation compressed back to 256
channels via a 1x1 Conv-BN-ReLU block.

Three parallel branches analyze different concealment-relevant properties: (i)
a texture branch using dilated convolutions (dilation € {1,2,4}) to capture
multi-scale texture complexity, which is strongly correlated with effective cam-
ouflage; (ii) an edge density branch using 3x3 convolutions to detect regions
of high edge clutter that facilitate boundary confusion; (iii) a context branch
combining local 3 x 3 convolution features with a global average-pooled con-
text vector to capture semantic cues such as vegetation and shadow patterns.
A lightweight weight network (global pooling — FC — ReLU — FC — Soft-
max) produces three learnable scalar weights [w;, w., w.], and the environmental
suitability map is:

S = w¢ - St + we - Se + we - S € [0, 1]FXH*E0XE0 (1)
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Blind Spot Predictor. Given S and the detection coverage map D (a Gaussian-
smoothed heatmap of YOLO’s current detections), the Blind Spot Predictor
computes:

B=X-B+(1-))-S6o(1-D) (2)

where B is a learned fusion of [P%, S, D] through a 4-layer convolutional network,
and A € (0,1) is a learnable scalar initialized to 0.5. The second term provides a
principled heuristic: high environmental suitability combined with low detection
confidence indicates a likely blind spot.

3.4 Attention-Guided Second Pass

Three Attention Gates (As, A4, As) modulate the original (non-projected)
YOLO neck features Py using the blind spot map B:

P, =P, O (1+ay-Gr(Pk,B)©B) (3)

where Gy, is a small convolutional network (Conve, 11, (3%x3) — BN — SiLU
— Convy, ., (1x1) — Sigmoid) that learns which feature channels to amplify in
blind-spot regions, and ap = 0(sg) - max with learnable strength s (initialized
to —4) and apmax = 0.10.

The residual form (1 + - - -) guarantees that easy images where B ~ 0 expe-
rience zero perturbation. The strict bound ay, < 0.10 caps the maximum feature
amplification at 1.10x, preventing false positive inflation on dense scenes. The
enhanced features {153, P, f’5} are passed to the frozen YOLO detection head
for a second inference pass.

3.5 Iterative Collaboration

During training, TACD runs the Hider T' = 2 times against the detection coverage
map D constructed from the baseline YOLO detections (confidence > 0.25,
Gaussian diffusion o = 2.0, map size 80 x 80). The final blind spot map Brp
drives the attention gates for the second detection pass. The framework’s gains
are robust to this choice: T' = 1 achieves performance comparable to T = 2,
confirming that the core Seeker-Hider design, rather than the number of Hider
applications, is the primary source of improvement (see Table [3)).

3.6 Training Objectives

All YOLO parameters are frozen throughout training. Only the feature projec-
tions, Hider branch, attention gates, and auxiliary detection head are optimized.
The total loss comprises three terms:
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Hider Focal Loss Lpjger- The blind spot map should assign high probability
to FN regions. For each image, we identify FN targets as ground-truth boxes
with maximum IoU < 0.5 with any confident (> 0.25) YOLO detection. A soft
target map Try is constructed by placing Gaussian blobs (radius ¢ = 3.0) at
FN box centers. The loss applies focal weighting [13]:

Lhider = ZE[Olf(l —pt)" Lece(By, Trx)] (4)
t
with ay = 0.75, v = 2.0.

Auxiliary Detection Loss L,,x. A CenterNet-style head [29] on the projected
feature P} provides additional supervision:

Lowx = Lim +0.1Len +0.1Log (5)

where the heatmap loss Ly, uses focal weighting [10] with enhanced weight
(3%x) on FN targets, and Ly, Log are £ regression losses on width/height and
sub-pixel offset.

Attention Gate Loss Lgate. To train the attention gates, enhanced features
{P}.} are passed through the frozen YOLO detection head in training mode, and
the standard Ultralytics detection loss [8] Lyo1o is computed against ground-truth
boxes. Since the YOLO head is frozen, gradients from this term flow only through
the attention gates, denoted Lgate = Lyolo- The three terms are combined as:

Ltotal = Ehider + Eaux +0.1 Egate (6)

3.7 Analysis

Dual-perspective complementarity. The Seeker’s features Pj encode ap-
pearance evidence while the Hider’s suitability map S encodes environmental
evidence; a region with high S and low coverage D is the canonical signature of
a concealed target, which Eq. formalizes. Training is a coupled optimization—
the Hider learns to predict FN regions, supervising the gates, which in turn learn
to amplify the right features—run end-to-end within each mini-batch.

Stability under bounded amplification. From Eq. , since G;,B €
[0, 1], Hf’k — Pillr < amax||Prllr; with amax=0.10 features stay within 10%
of the original, avoiding out-of-distribution inputs to the frozen head, and the
residual form guarantees the second pass equals the first when B ~ 0 (a strict
lower bound of baseline).

4 Experiments

4.1 Experimental Setup

Datasets. We evaluate on two benchmarks with different concealment regimes.
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Poppy is a UAV aerial dataset for illegal opium poppy cultivation detec-
tion, assembled from three public Roboflow datasets [16}17}/24] (all CC BY 4.0).
All annotations are unified into a single “poppy” class, yielding 6,790 images
partitioned into 4,723 / 1,034 / 1,033 train/val/test splits. Cultivators actively
employ concealment strategies including intercropping with legitimate vegeta-
tion and canopy positioning, making this a natural benchmark for concealed
object detection.

VisDrone [30] is a large-scale aerial detection benchmark captured from
UAVs across diverse scenarios, with 6,471 / 548 / 1,610 train/val/test splits over
10 object categories (pedestrian, car, bus, etc.). Objects are small and frequently
obscured by backgrounds, representing natural environmental concealment.

Baselines. We compare against nine representative detection architectures span-
ning three model families: YOLOvS (n/s/m) [8], YOLOv10 (s/m) |21], YOLOv11
(s/m) 9], and RT-DETR (L/X) [28]. All baselines are trained from pretrained
weights for 300 epochs with early stopping (patience 50). Following standard
practice [3], all experiments are repeated with 5 independent random seeds, and
we report mean + standard deviation.

Implementation Details. TACD wraps a frozen YOLOv11m checkpoint (the
best baseline on each dataset). Its ~9M trainable parameters are optimized with
AdamW (Ir 1072, weight decay 10, cosine annealing to 10~°), batch size 16,
up to 300 epochs (patience 50), amax=0.10, T'=2; other settings follow Sec.
We report 3 seeds (the Hider is costly to train atop a fixed baseline). Inference
injects a uniform blind map (B=0.3, chosen by grid search over {0.1,0.2,0.3,0.5}
on validation) through the training-time hooks and uses the same Ultralytics
model.val() pipeline as the baselines. All runs use PyTorch on one NVIDIA
A100 with mixed precision.

4.2 Comparison with Baselines

We report five metrics on Poppy and VisDrone (Tables [1| and ; YOLOv1lm
is the strongest single baseline on both. TACD, built atop the frozen YOLOv11m,
attains the best mAP@0.5 and mAP@0.5:0.95 across all runs: on Poppy 88.8740.02
vs. 88.40£0.18 (Recall 79.79—80.07), on VisDrone 38.654+0.00 vs. 38.594+0.24
(Precision 50.81—51.81). TACD’s std (< 0.02%) is far below the baseline range
(0.08-1.06%), indicating blind-spot attention stabilizes detection across seeds.

Recall gains matter most here, since false negatives are the primary failure
mode: the +0.28% Poppy Recall gain reflects recovered targets, while on Vis-
Drone the gain is mainly in Precision (+1.00%) with Recall comparable (39.78
vs. 39.95), i.e. the gates here mostly suppress false positives in clutter. Qualita-
tive examples (Figure [3) confirm the blind-spot maps highlight missed targets,
and TACD recovers many baseline false negatives.
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Table 1: Detection performance on the Poppy test set (mean+std over 5 seeds; IACD
over 3 seeds). Bold: best result.

Model mAPQ@0.5 mAP@0.5:0.95 P R F1

(%) (%) (%) (%) (%)
YOLOv8n [§] 85.95+0.19 76.384+0.22 92.14+0.58 77.46+0.76 84.1640.30
YOLOvSs [8] 86.984+0.15 80.06+0.15 93.11+0.72 79.66+0.49 85.86+0.19

YOLOv8m |3g] 87.86+£0.21  82.194+0.17 93.93+£0.91 79.50+£0.70 86.11£0.27
YOLOv10s [21] 86.82+0.39  80.01+0.35 93.39+0.83 79.37£0.52 85.81+0.28
YOLOv10m [21] 87.724+0.13  82.05+0.30 94.314+0.64 79.25+0.63 86.13+0.17
YOLOv11s [9] 87.21+£0.21  79.544+0.19  92.96+0.37 79.66+£0.52 85.79+0.25
YOLOv1lm |9] 88.40+£0.20 82.414+0.21 93.80+0.66 79.79+0.32 86.23+0.21
RT-DETR-L [28] 86.12+0.24  79.374+0.23  91.124+0.19 79.73+0.40 85.04+0.19
RT-DETR-X |28] 86.21+£0.17  79.304+0.27 91.174+0.97 79.93+0.79 85.18+0.16

IACD (Ours) 88.87+0.02 82.83+0.02 93.414+0.01 80.07+0.00 86.23+0.00

Table 2: Detection performance on the VisDrone test set (meanzstd over 5 seeds;
IACD over 3 seeds). Bold: best result.

Model mAP@0.5 mAPQ0.5:0.95 P R F1
(%) (%) (%) (%) (%)

YOLOvSn [8]  29.87+0.15 16.98+0.07 41.07+0.91 31.814+0.45 35.84+0.31

YOLOvSs [§] 34.16£0.43  19.92+0.28  46.32£0.63 35.59+0.46 40.2540.39

YOLOv8m |3] 36.994+0.33  21.85+0.15  50.34+0.62 38.47+0.19 43.61+0.19
YOLOv10s [21]  34.21+0.08 19.814+0.03  46.05+0.38 35.59+0.18 40.15+0.13
YOLOv10m [21] 37.324+0.36  22.08+£0.23  50.4440.88 38.10+0.42 43.40+0.45
YOLOv11s [9] 34.06+0.16  19.89+0.12  45.83£0.41 36.09+0.26 40.37+0.09
YOLOv1lm [9] 38.59+0.27 22.93+0.14 50.81+0.55 39.95+0.65 44.73+0.30
RT-DETR-L [28] 30.774+1.06" 16.64+0.87 46.01£1.10 34.56+1.35 39.4641.15
RT-DETR-X [28] 31.654+0.78 17.58+0.44  46.294+0.49 34.844+0.74 39.75+0.62

IACD (Ours) 38.65+0.00 22.93+0.01 51.81+0.01 39.784+0.01 45.00+0.01

'RT-DETR-L: 4 valid runs; one seed diverged and was excluded.

4.3 Ablation Study

To isolate the contribution of each TACD component, we conduct ablation ex-
periments across four metrics on both datasets (Table [3f meantstd over 3 seeds
each). All IACD variants consistently surpass the frozen YOLOv11lm baseline
on mAP@O0.5 and mAP@0.5:0.95, confirming that the Seeker-Hider framework
is the source of improvements regardless of specific component choices.
Removing the Environment Analyzer or Blind Spot Predictor yields slightly
lower mAP@Q.5, with the Blind Spot Predictor showing the largest degradation
(—0.06%). The mAP@0.5:0.95 metric confirms this trend, indicating that these
components contribute to localization quality beyond threshold-level detection.
Single-round (T = 1) performance is comparable to T' = 2, confirming that the
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Table 3: Ablation study (meantstd over 3 seeds; Baseline over 5 seeds). Bold: best
result per dataset.

Configuration mAP@0.5 mAPQ.5:.95 R F1
(%) (%) (%) (%)
Poppy
Baseline (YOLOv11m) 88.40+0.20 82.4140.21 79.79+0.32 86.23+0.21
w/o Env. Analyzer 88.83+0.01 82.734+0.02 80.11+£0.02 86.124+0.02
w/o Blind Spot Pred. 88.81+0.02 82.684+0.03 80.12+0.02 86.134+0.01
w/o Iterative (T'=1) 88.84+0.01 82.744+0.01 80.11+£0.02 86.124+0.02
Conservative (tmax=0.05) 88.83+0.00 82.724+0.01 80.10+£0.00 86.114+0.02
IACD full (T=2, amax=0.10) 88.87+0.02 82.83+0.02 80.07+0.00 86.23+0.00
VisDrone
Baseline (YOLOv11m) 38.59+0.27 22.934+0.14 39.95+0.65 44.73+0.30
w/o Env. Analyzer 38.64+0.01 22.9440.01 39.82+0.03 44.93+0.02
w/o Blind Spot Pred. 38.64+0.00 22.93+0.00 39.7940.03 44.93+0.04
w/o Iterative (T'=1) 38.64+0.00 22.934+0.00 39.84+0.02 44.89+0.01
Conservative (tmax=0.05) 38.64+0.00 22.934+0.01 39.80+0.02 44.90+0.04

IACD full (T'=2, amax=0.10) 38.65+£0.00 22.93+0.01 39.78+0.01 45.00+0.01

improvements stem from the Seeker-Hider dual-perspective design itself rather
than from the number of Hider applications.

Reducing ayax to 0.05 slightly lowers accuracy but achieves the lowest vari-
ance (o = 0.003% vs. 0.016%); we adopt amax = 0.10 as default since both are
far more stable than baselines (o > 0.08%).

4.4 Model Scaling and Parameter-Neutral Comparison

A natural concern is whether IACD’s gains stem from added capacity rather
than from blind-region reasoning: its ~9M trainable parameters are a non-trivial
increase over the frozen 20.1M-parameter host. To control for this, we compare
IACD against simply scaling the vanilla YOLO backbone (s— m—1) under
matched parameter budgets (Table |4} 3 seeds each).

Two observations rule out the “larger-vanilla-wins” explanation. First, on
Poppy, IACD on a frozen YOLOv1lm with only 9.05M trainable parameters
(88.87%) outperforms a fully trainable 25.3M-parameter YOLOv111 (88.21%):
it beats a larger vanilla model while optimizing 2.8 x fewer parameters, and col-
lapses seed variance by an order of magnitude (£+0.02 vs. +0.20-0.28). Second,
the TACD module is identical in size for the m and 1 hosts (9,046,430 trainable
parameters in both, since YOLOv11m and YOLOv11l share the same neck chan-
nel widths) and smaller for the narrower s host (6,485,918): the added module
scales with neck width rather than being tuned per backbone, and IACD im-
proves Poppy mAP@0.5 at all three scales (40.17/ 4 0.47/+0.34 for s/m/1). On



12 X. Li et al.

Frozen YOLOV11m (Seeker)
. Lo Blind Map B vs FN Target Map Ty

(" Backbone : Neck Head |

Lu: AuxDetHead vs GT

Training loss ‘

L= L * L 0 X Ly

Feature Projections. Hider Branch

Blind Spot Predictor

> Convaxs

o2 f

uuuuuuuu

Pa

o224

copsa

2 i
Boes: (Nxa] Cont: [N (0-1) -

Fig. 2: IACD architecture overview. Secker (left): a frozen YOLOv1lm extracts
multi-scale Neck features {P3, P4, P5} (strides 8/16/32); the Detection Head produces
first-pass detections RO. Feature Projections: 1x1 Conv-BN-SiLU modules project
P3/P4/P5 to a uniform 256-channel space. Hider Branch: the Environment Analyzer
fuses the projected features through Texture, Edge, and Context branches into a Suit-
ability Map S; the Detection Coverage Map turns RO into a Gaussian heatmap D;
the Blind Spot Predictor combines a learned estimate with the heuristic SO(1-D)
into the Blind Spot Map B (Egs. and (2)). Attention Gates: three residual gates
P, = Pr®(14a,GrB) amplify the Neck features for a second pass through the frozen
head. Auziliary Head (training only): a CenterNet-style head adding false-negative su-
pervision. Total loss £ = Lhider + Laux + 0.1 Lgate.

Table 4: Model scaling vs. IACD under matched parameter budgets. Params in mil-
lions; TACD freezes its host (only the IACD modules are trainable). mAP@0.5 (%),
mean+tstd over 3 seeds. Bold: best per dataset. The TACD module is identical for
the m/1 hosts (same neck width, 9,046,430 params) and smaller for s (6,485,918), as
discussed in the text.

Model Train. (M) Total (M) Poppy (%) VisDrone (%)
YOLOv11s 9.43 9.43 87.21+0.21 34.06+£0.16
YOLOv1lm 20.05 20.05 88.40+0.20  38.5940.27
YOLOv11l 25.31 25.31 88.21+0.28  39.90£0.13
v11s+IACD 6.49 15.91 87.38+£0.04  34.1340.02
v11lm+IACD 9.05 29.10 88.87+0.02  38.65+0.00
v11I4+TACD 9.05 34.36 88.55+£0.07  39.78+0.01

VisDrone, scaling the vanilla backbone to YOLOv111 reaches 39.90% by relearn-
ing all 25.3M weights—a capacity-driven axis orthogonal to IACD’s frozen-host
design.
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Fig. 3: Qualitative results on Poppy (left) and VisDrone (right). (a) baseline
YOLOv11lm detections (cyan), detected GT (green), false negatives (yellow dashed);
(b) suitability map S; (c) blind-spot map B (x at FN centers); (d) IACD-enhanced
detections (orange) with recovered FN (green) and remaining misses (red dashed).
TIACD recovers 20/37 baseline FN (54%) across the eight examples.

Table 5: Dynamic Hider vs. static blind map on VisDrone test set (1,610 images,
75,102 GT boxes). Images stratified by baseline false-negative count.

FN count ({) Image-level wins
Stratum Static Dynamic Dyn. better Static better Tie
Easy (0 BL-FN, 67 imgs) 1 0 1 0 66
Medium (1-2 BL-FN, 109 imgs) 175 171 7 3 99
Hard (>3 BL-FN, 1434 imgs) 36,813 36,062 505 70 859
All (1,610 imgs) 36,980 36,233 513 73 1,024

4.5 Dynamic vs. Static Inference

A natural question is whether the Hider branch is needed at inference time,
or whether a fixed blind spot map suffices. We compare two deployment modes:
(i) Hook mode: the Hider is not executed; a uniform blind map B = 0.3 is injected
through forward hooks, adding only the three lightweight Attention Gates to the
YOLO forward pass. (ii) Full pipeline: the Hider dynamically generates a per-
image blind spot map through two rounds before gating.

On Poppy, both modes perform nearly identically (5 vs. 3 image-level wins
across 1,033 test images), consistent with the relatively low baseline false-negative
rate on this dataset. On VisDrone (Table , the full pipeline recovers 756 ad-
ditional false negatives over the static mode (36,233 vs. 36,989 FN against
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Table 6: Inference overhead (batch size 1, 640x640 input).

Mode Latency (ms) FPS GPU Mem. (MB)
Baseline YOLOv11lm 13.4 74.5 227
IACD hook mode 14.3(+6%) 70.0 263
TACD full pipeline 23.4 (+74%) 42.7 263

75,102 GT boxes), corresponding to a per-image FN recovery rate of 51.75% vs.
50.75% at conf > 0.25. Note that this FN-count metric uses a fixed low confidence
threshold and differs from the standard mAP Recall reported in Table [2} which
is computed at the optimal threshold by the Ultralytics model.val() pipeline.
The advantage concentrates on hard images (>3 baseline FN): the dynamic
Hider wins on 505 images versus 70 for the static mode (7:1 ratio), recovering
855 baseline FN compared to only 104 for the static mode, a 7.2 improvement.

These results validate the Hider’s dual role: during training it supplies the
weakly-supervised signal that teaches the gates which features to amplify, and
during inference it generates per-image blind spot maps that recover targets
the static gates miss. The resulting accuracy/speed trade-off (hook mode +6%
latency, full pipeline ~74%) is navigable via the confidence-gated activation of
Sec.

4.6 Computational Overhead

Deployment efficiency is critical for UAV platforms. We benchmark inference
latency on a single NVIDIA A100 GPU at 640 x 640 resolution (Table @ Hook
mode adds only 0.9ms (the cost of three Attention Gate convolutions), preserv-
ing near-baseline throughput at 70 FPS. The full pipeline, which additionally
runs the Hider branch and a second detection-head pass, operates at 42.7 FPS.
Peak GPU memory increases by only 36 MB (+16%) in both modes, as the IACD
modules are lightweight relative to the frozen YOLO backbone.

Confidence-gated activation. The full pipeline need not run on every image. Since
the Hider only helps where the first pass is uncertain, we gate its activation on
the first-pass maximum confidence, invoking the Hider and the second detection
pass only when this confidence falls below a threshold 7 (otherwise the base-
line detections are returned unchanged). On VisDrone this exposes a tunable
accuracy /latency frontier between the hook and full-pipeline extremes above: at
7=0.9 the Hider fires on 85.5% of images and preserves 81% of the full pipeline’s
recall gain, whereas 7= 0.8 fires on only 10.6% of images while still preserving
13.5% of the gain. The reachable trade-off is bounded by YOLOv11m’s already-
high baseline confidence, which leaves few images below 7 at stricter thresholds.
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4.7 Limitations

First, the improvement margins remain modest—e.g. +0.47% mAP@0.5 on Poppy
and +0.06% on VisDrone for the YOLOv11lm host—and they are not uniform
across hosts: on one of the six hostxdataset settings (YOLOv11l on VisDrone)
IACD is marginally below the vanilla baseline (—0.12%, Table [d). The full
pipeline also incurs increased latency (Table @, which the confidence-gated ac-
tivation of Section [4.6] only partially mitigates. Second, although we validate the
plug-in across the YOLOv11 family (s/m/1; Table , all three hosts share the
same single-stage YOLO architecture; the “plug-and-play” claim is therefore es-
tablished within the YOLO family only, and generalization to other paradigms—
RT-DETR, the DETR family, or two-stage detectors—remains future work re-
quiring head-specific adaptation. Third, both benchmarks are aerial; other do-
mains (underwater, satellite) would further test generality.

5 Conclusion

We presented TACD, a dual-perspective framework for detector blind-region re-
covery that addresses a fundamental limitation of appearance-based detectors:
their inability to reason about where their own blind spots—the targets they
miss—are likely to lie. By pairing a frozen pretrained detector (the Seeker) with
a lightweight Hider module that analyzes environmental concealment suitabil-
ity across texture, edge, and semantic dimensions, TACD recovers targets the
Seeker misses without modifying its original weights. Crucially, the Hider is
trained entirely from the detector’s own false negatives, requiring no concealment
annotations beyond standard bounding-box labels. On two challenging aerial
benchmarks, TACD improves over the strong YOLOv11lm baseline by +0.47%
mAP@QO0.5 on Poppy and +0.06% on VisDrone, using only ~9M trainable param-
eters atop a frozen 20.1M-parameter detector. Future work will explore stronger
gating mechanisms, broader backbone architectures, and extending TACD to
domains such as medical imaging and security screening where environmental
concealment reasoning may help.

Broader Impact and FEthics Statement. TACD targets narrow law-enforcement
tasks such as illegal crop detection and is not intended for mass surveillance or
individual tracking; any deployment must comply with regulations, have insti-
tutional oversight, and keep a human in the loop.
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