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Abstract

Tiny object detection remains challenging in spite of the
success of generic detectors. The dramatic performance
degradation of generic detectors on tiny objects is mainly
due to the the weak representations of extremely limited
pixels. To address this issue, we propose a plug-and-play
architecture to enhance the extinguished regions. We for
the first time exploit the regions to be enhanced from the
perspective of pixel-wise amount of information. Specifi-
cally, we model the entire image pixels feature information
by minimizing Information Entropy loss, generating an in-
formation map to attentively highlight weak activated re-
gions in an unsupervised way. To effectively assist the above
phase with more attention to tiny objects, we next introduce
the Position Gaussian Distribution Map, explicitly modeled
using a Gaussian Mixture distribution, where each Gaus-
sian component’s parameters depend on the position and
size of object instance labels, serving as supervision for fur-
ther feature enhancement. Taking the information map as
prior knowledge guidance, we construct a multi-scale po-
sition gaussian distribution map prediction module, simul-
taneously modulating the information map and distribution
map to focus on tiny objects during training. Extensive ex-
periments on three public tiny object datasets demonstrate
the superiority of our method over current state-of-the-art
competitors.

1. Introduction

Deep learning-based architectures have significantly ad-
vanced general object detection [27, 32, 34]. However,
their performance declines sharply when detecting tiny ob-
jects [8]. As defined in the AI-TOD benchmark [44], tiny
objects are categorized by pixel count: very tiny (2-8 pix-
els), tiny (8—16 pixels), and small (16-32 pixels). Given the
prevalence of tiny objects in real-world contexts (e.g., traf-
fic monitoring [24], sea rescue [56], and wildlife population
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Figure 1. (a) Input image; (b) feature map P> from Detec-
toRS [31]; (c) enhanced feature; (d) and (e) are proposed infor-
mation map o and predicted position distribution map Mp4o.

assessment [19]), it is crucial to bridge the gap between tiny
and general object detection.

Several pioneering efforts have been introduced to ad-
dress this challenge. One prominent approach is scale-
aware feature fusion, which constructs hierarchical feature
representations [12, 22, 25, 26, 31, 38, 49]. This method
leverages network features at varying depths to detect ob-
jects at corresponding scales, and fusion between deep and
shallow features bridges the spatial-semantic gap between
lower and higher pyramid levels, enhancing small object de-
tection. Another approach emphasizes target regions using
attention mechanisms [23, 29, 50, 52, 55]. Inspired by the
human visual system [3, 9], attention-based methods filter
irrelevant information and highlight tiny objects by model-
ing feature map importance weights.

Although existing methods partially mitigate this issue,
they remain ineffective when tiny object pixel counts are
extremely limited. We contend that previous approaches
overlook a fundamental challenge: weak tiny object repre-
sentations of extremely limited pixels. Unlike normal-sized
objects, tiny object representations with limited pixels are
consistently diminished through successive neural network
downsampling, ultimately resulting in the suppressed acti-
vation of features. The information loss caused by down-
sampling is extremely fatal to tiny objects compared to gen-
eral objects, leading to extremely weak and indiscrimina-
tive representations. As shown in Fig. 1(b), representations
for tiny objects in generic detectors are faint and nearly in-
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distinguishable from the background. Consequently, even
when tiny object features are enriched through scale-aware
feature fusion, the intrinsic weak representations of tiny
objects still struggle with accurate detection. Moreover,
attention-based methods, which rely on heuristic attention
map generation, often fail due to the sparse pixels of tiny ob-
jects, allowing the background to dominate in local patches.

So the attention map derived from such weak regions be-

comes unreliable, leading to suboptimal detection results.

Based on the preceding discussion, we argue that en-
hancing indiscriminative regions suffering from informa-
tion loss is crucial for detecting tiny objects. To achieve
this, we propose a novel plug-and-play framework for fea-

ture enhancement. Inspired by information theory [37],

we first estimate entire image pixel-wise amount of infor-

mation unsupervisedly by minimizing Information Entropy
loss (which is a reflection of encoding cost of all pixels).

The generated information map emphasizes salient regions,

with salient targets having more amount of information than

smooth background, displaying attentive regions for en-
hancement. To assist the information map with more at-
tention to tiny objects, we introduce the Position Gaussian

Distribution Map, which is modeled via Gaussian Mixture

distribution, with each Gaussian component parameters ad-

justing to the position and size of the instance label. The
distribution map can capture salient targets, with tiny ob-
jects having higher pixel intensities than general objects, in-
creasing more attention to tiny objects for enhancement. We
incorporate information map prior with multi-scale features
to predict the distribution map in a supervised manner, si-
multaneously modulating the information map and distribu-
tion map to focus on tiny objects during training. As shown
in Fig. 1, our information map and predicted distribution
map successfully identify and enhance the key information
loss regions, making the tiny object representation salient.

Extensive experiments on three datasets validate the superi-

ority of our method. Our main contributions are:

* We are the first to enhance the weak representations of
tiny objects from the perspective of pixel-wise amount of
information. The attentive information map is captured
by minimizing Information Entropy loss in an unsuper-
vised manner.

* With the information map as a prior guide, we leverage
multi-scale features to predict Position Gaussian Distri-
bution Map, further highlighting tiny objects.

* The proposed method can be flexibly integrated into any
FPN-like detectors. Experimental results demonstrate the
consistent gain of our plug-and-play module and its supe-
riority over existing state-of-the-art methods.

2. Related works
2.1. General Object Detection

Anchor-based. Anchor-based detectors predefine anchors
covering different scales and aspect ratios and train the

network through a label assignment strategy to adjust and
refine the anchors. Specifically, they can be subdivided
into one-stage methods (such as YOLOV3 [33], SSD [27],
RetinaNet [35]) and two-stage methods (such as Faster R-
CNN [34], Cascade R-CNN [5], Cascade RPN [42]).
Anchor-free. Anchor-free detectors use the center point or
key point to predict the target position directly, which effec-
tively alleviates the problem of hyper-parameter sensitivity
of predefining anchors. FCOS [40] and FoveaBox [18] pre-
dict the bounding box in a central points fashion. Another
type of paradigm is to locate objects by key point. The rep-
resentative works are CornerNet [20], Grid R-CNN [28],
ExtremeNet [57] and RepPoints [51].

2.2. Tiny Object Detection

Sample-oriented strategies. Kisantal et al. [17] over-
samples images with small objects and augments them by
copy-pasting small objects. NWD-RKA [47] replaces the
standard label assignment strategy IoU with Normalized
Wasserstein Distance and ranking-based assigning strategy.
RFLA [48] measures the similarity between the Gaussian
receptive filed and ground truth to alleviate the problem of
insufficient positive samples for tiny objects.

Scale-aware methods. FPN [25] constructs feature-level
pyramid for multi-scale learning, promoting promising
improvement of tiny objects. BiFPN [38] employs a
weighted bi-directional feature pyramid architecture to fa-
cilitate multi-scale fusion. DetectoRS [31] further develops
it by incorporating extra feedback connections and switch-
able atrous convolution. Gong et al. [12] introduces fusion
factor to control the information flow between two adjacent
layers of FPN, easing the burden of learning for tiny objects.
Attention-based frameworks. Attention mechanisms are
used to filter out unimportant regions and increase attention
to tiny objects. KB-RANN [52] utilizes attention mecha-
nism to refine key features in an iterative way. SCRDet [50]
introduces channel attention and pixel attention network to
jointly explore tiny objects. AFF-SSD [29] designs a dual-
path attention module to screen feature information, im-
proving the detection performance of one-stage methods.
Mimic learning algorithms. The core of mimic learn-
ing is to use high-quality features of large instances to
boost low-quality representations of tiny objects. Percep-
tual GAN [21] and MT-GAN [1] draw inspiration from
generative adversarial networks [13] and generate super-
resolved representations for tiny objects. Another line of
efforts [ 16, 46, 53] aim to narrow the distance between large
and small instances in feature space with the help of simi-
larity measurement.

Previous methods often overlook the performance lim-
itations caused by weak representations suffering from in-
formation loss. The recent work, SR-TOD [6], uses a dif-
ference map created by subtracting the restored image from
the original to identify regions affected by information loss.
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Figure 2. Method overview. GDN represents [2] Generalized Divisive Normalization which is suitable for density modeling, CBAM

represents Convolutional Block Attention Module [45].

However, it depends heavily on the quality of the restored
image, and its downsampling process further reduces dif-
ference map information. In contrast, supported by infor-
mation entropy theory and distribution map modeling, our
method directly identifies regions of information loss at the
feature map level, demonstrating superior performance.

3. Methodology

Overview. As illustrated in Fig. 2, given input X, a feature
pyramid is constructed from P» to Ps. Enhancement is ap-
plied to P», which primarily handles tiny objects. First, P
is quantized to estimate its information map o, with salient
objects having more amount of information. Then, P, to P,
are used to predict the Position Gaussian Distribution Map
M,,q,, guided by prior knowledge o, simultaneously assist-
ing o with more attention to tiny objects. After o and M,
enhance the information loss regions of P», they will re-
spectively flow through attention module and finally merge
to obtain P2/. As a substitute for P, PQI will be sent to the
detection head for detection task.

3.1. Pixels Feature Information Modeling

The downsampling process in neural networks results in the
loss of target information as network depth increases, which
is particularly detrimental for tiny objects due to their lim-
ited pixel occupancy. Enhancing the information loss re-
gions is therefore essential for improving tiny object detec-
tion. To address this, we emphasize salient regions requir-
ing enhancement from a novel perspective of the amount
of information. Specifically, for a signal x with probability
p(x), amount of information is defined as follows [41]:

I(x) = —log, p(x) )]

Assuming the signal feature representation is highly
ordered and compact, salient and informative fragments
within the feature typically have lower occurrence prob-
abilities. According to Shannon entropy theory [37, 39],
the amount of a signal feature information is closely linked
to its distribution. For a stream of discretized elements g,

the cross entropy between the actual marginal distribution
m(y) and its approximation py (%) reflects the lower bound
of the rate cost (commonly measured in bits in communica-
tion systems) for encoding ¥:

R =Ejum[—logy py(9)] = H(m) + Drr(m|lpg) (2)

where H (-) denotes the entropy function, and Dk, (-) rep-
resents the KL-divergence function. When the modeling
py(9) perfectly matches the marginal m(y), the encoding
cost R is minimized, as the mean amount of information is
reduced to its lowest. In communication systems, to achieve
minimum encoding cost for storage and transmission, more
encoding resources are allocated to the salient and infor-
mative fragments with more amount of information, while
fragments with higher occurrence probabilities incur lower
encoding costs due to their less information.

Given an input image X € R¥>*Wx3 with the bottom-
level feature P, € RTXT*C (denoted as ¥) from the FPN
for tiny object detection, pixels containing more amount of
information in y often correspond to salient regions, as the
occurrence probability of salient regions is typically lower
than that of smooth background. Thus, we leverage the
amount of pixels information to identify and enhance these
salient regions for subsequent detection. By minimizing the
overall encoding cost based on a well-estimated distribu-
tion, the network adaptively allocates more cost to salient
regions, while smooth background regions incur less cost.
This overall encoding cost optimization process effectively
mines spatial structures and reduces spatial redundancy.

We first estimate the distribution of . To encode the
feature y with a finite number of encoding bits, the contin-
uous feature variables are discretized using quantization (),
resulting in the discrete feature map y. This quantization
reduces pixel-wise redundancy to some extent. To make the
quantization function differentiable, additive uniform noise

11

U(—3, 5) is applied during training [2]:

= Q) =y + U5, 3) G
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The distribution of ¢ is estimated with a fully factor-
ized density model, where each pixel element j; is inde-
pendently modeled as a Gaussian distribution with mean p;
and standard deviation o;:

Pyl o) = TTN uss o) + U

i

1 1. .
5 5))(%) “4)

where the mean map y € R4 *%%C and scale map o €
R > %C are predicted from the bottom-level feature map
y using a CNN parameters stimation module, as shown
in Fig. 2. Due to the ability of CNN in local receptive
field within Gaussian distribution prediction, our pixel-level
modeling is equipped with local structure information. We
convolve the Gaussian density with a unit uniform distri-
bution, which has been shown to be effective in matching
the estimated distribution with the unknown actual marginal
distribution [30].

After determining the encoding distribution, the likeli-
hood of each element §; can be obtained via the binned area
under the probability density function:

o ilis, ) = (W (s 0?) = U(— 3, )31

Z}i-‘r%
= / N(ylps, o) dy (5)
Y

i

(NI

_ F<Z)z + %-* Ni) B F(ih - %4* Hi>
g g;
where F' denotes the cumulative distribution function of a
standard normal Gaussian distribution.
Finally, the encoding cost of the element ; is calculated
by the negative log-likelihood:

Ry, = —logy py, (Uil pi, 04) (6)

The Information Entropy loss L is defined as the sum
of the encoding cost of all elements, which is a reflection of
mean amount of feature information:

Lip=) Ry, (7)

We minimize the Information Entropy loss £ to adap-
tively capture regions with more amount of information,
such as tiny objects. As shown in Fig. 3(a), the predicted
mean map i is typically close to ¢, minimizing the Informa-
tion Entropy loss. For smooth backgrounds, the output like-
lihood is higher than that for salient object regions, indicat-
ing that the latter contain more amount of information and
incur higher encoding costs. Salient regions output larger
o, requiring more bits to encode. In contrast, background
regions have smaller o, resulting in fewer encoding bits and
less randomness. Thus, the predicted scale map o is posi-
tively correlated with the amount of information map (cal-
culated by Eq. (6)) and highlights potential salient regions
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Figure 3. (a) Gaussian distributions of tiny object and background.
(b) Amount of information map & information map o comparison.

for enhancement. While the scale map o is more visually
salient, since the amount of information map is the direct
optimization target (see Fig. 3(b)). Therefore, we treat the
scale map o as a better representation of the amount of in-
formation (denoted as information map o by default in this
paper) and refine the feature map P» by o to enhance salient
regions, as formulated below:

o= Mean(o), 11 =y®(1+o0) 3

where Mean denotes the averaging operation along the
channel dimension, and ® represents pixel-wise multipli-
cation. Note that 1 4 ¢ is used to preserve useful contextual
information in the feature map P», preventing it from being
influenced by values near zero in o.

3.2. Position Gaussian Distribution Prediction

Position Gaussian Distribution Map. To effectively make
the information map pinpoint tiny objects, we introduce
Position Gaussian Distribution Map at the region level.
Ground truth distribution map for tiny object detection fol-
lows two principles: 1) foreground-background distinction
(foreground has higher values), and 2) differentiation be-
tween tiny and general objects (tiny objects have relatively
higher values).

We employ a Gaussian Mixture distribution to model
the feature map and emphasize object locations, as shown
in Fig. 4. Given input X with /N object instances, we set
the size of the generated ground truth map to match P, di-
mensions (% X % x 1) to reduce computational cost. As-
suming that an object’s main body is centered in its anno-
tated bounding box [43, 48], each Gaussian component in
the feature map distribution is defined as a two-dimensional
Gaussian distribution with (u2°®, 32°%), where the bound-
ing box center serves as the mean vector, and the squared
side length forms the covariance matrix:

2
box _ |Ti box __ |W; 0
;= {yl] , 2077 = {0 hf] )]
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Figure 4. Generation pipeline of Position Gaussian Distribution Map. GT is displayed in gray mode for clarity.

where (x;,y;,w;, h;) represents the location of the i-th
bounding box in P,. As shown in the Gaussian Mixture
distribution map in Fig. 4, regions with dense, large objects
exhibit chaotic salient characteristics, while tiny objects dis-
play significantly higher peak values than general objects,
introducing noise and increasing the learning burden. To
create a distinct distribution map for easier training, we re-
fine the covariance matrix with scaling factors «; based on
the area of each annotated box. Following the object defi-
nitions in [44], scaling factors are set to 4, 6, 8, and 10 for
very tiny (2-8 pixels), tiny (8—16 pixels), small (16-32 pix-
els), and general objects, respectively, as formulated below:

box Z; box ( ﬂ ) 2 0 :l
. = N E . = @i . 10
o= ) == [ ] oo

The final Gaussian Mixture distribution of the feature
map P, is derived by combining each Gaussian component:

1 N oxr oxr
f(p)=N;N(plu? , Bboz) (11)

where p denotes the pixel position in P,. To further ac-
centuate the foreground-background contrast, we multiply
f(p) by N and post-process the distribution map using a
threshold th (positions exceeding th are increased by 0.5)
to obtain the final ground truth position Gaussian distribu-
tion map M. This process is simplified as follows:

th = ﬁ SN f(p)
peS
Mear = (Sign(N - f(p) —th) +1) x 0.25+ N - f(p)
12)
where S is the set of all pixel positions in the feature map
and Sign is the mathematical Sign function.

As shown in Fig. 4, the designed position Gaussian
distribution map effectively captures image saliency, with
dense tiny objects assigned relatively higher values. This
map thus serves as a guide to enhance the representations
of tiny objects that are otherwise weakly activated.

Prediction. We predict the position Gaussian distribution
map from multi-scale features under supervision, guided by
the information map o derived from the pixels feature in-
formation modeling module. The prediction process guided
by o can simultaneously modulate the information map and
distribution map to spotlight tiny targets, both providing at-
tention regions for enhancing weak representations. Given

the distinct semantic and spatial details across FPN levels,
we use P», P3 and Py to predict the map. The overall pre-
diction network structure is shown in Fig. 2, with further
details in the supplementary material. Specifically, incor-
porating prior amount of information from o, we add infor-
mation map o to each feature level as inputs for the pre-
diction network, where o is downsampled accordingly. The
inputs are given as inputs = [Py + o, Ps + 30, P> + 0],
with % and % representing downsampling. A series of con-
volutional and transposed convolutional layers [54] (except
in the P» branch) perform feature extraction and learnable
upsampling, respectively. Notably, we merge features via
skip connections from deeper side-outputs (pre-Sigmoid) to
shallower layers to aid in locating salient regions and re-
fining complex prediction maps [14]. Each branch then
predicts the position Gaussian distribution map, yielding
Mpa,, Mpq, and Mpq,. The process is simplified as:
[Mpa,, Mpa,, Mypa,] = ¢(inputs), where ¢ represents the
parameterized multi-scale prediction network.

We apply deep supervision for the three side-output pre-
dictions which are the same size as ground truth position
Gaussian distribution map:

4

Lpred =Y MSEueighted(Mpa,, M) (13)
i=2

where MSEeightea denotes the weighted Mean Squared

Error loss. To address foreground-background imbalance,

we set the weight for object regions exceeding the threshold

th to 10 (and 0.1 for the background) to emphasize positive

pixels.

In general, incorporating the information map o allows
feature information to effectively modulate distribution map
predictions, while optimizing Lprcq aids in generating a
better information map o that identifies information-rich
tiny object regions.

Similar to information map, Mg, is used to enhance tiny
object representations:

Y2 =y @ (14 Mpa,) (14)

The enhanced features y; and y, are fed into the Con-
volutional Block Attention Module (CBAM) [45] for fur-
ther attention to important regions, enabling global explo-
ration of the features. The two attentive features are fused
by element-wise addition to form the enhanced feature map
PQI. P2l, which replaces P, in the new feature pyramid will
be sent to the detection head for downstream tasks.
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Methods Venue | AP APy s APo7s | APyt AP; AP,
Faster R-CNN [34] TPAMI'2017 239 422 23.8 0.1 6.5 21.1
Cascade R-CNN [5] CVPR’2018 25.2 42.6 25.9 0.1 7.0 22.5
DetectoRS [31] CVPR’2021 26.3 439 26.9 0.1 75 233
NWD-RKA [47] ISPRS’2022 27.2 47.7 26.8 4.1 12.3 23.7
RFLA [48] ECCV’2022 272 48.0 26.6 45 13.0 23.6
CEASC [10] CVPR’2023 25.1 42.6 25.7 2.0 8.6 20.7
PKS R-CNN [4] CVPR’2024 24.3 42.4 24.4 0.1 7.3 22.5
Salience DETR [15] CVPR’2024 28.4 48.7 28.5 54 13.7 25.0
SR-TOD [6] ECCV’2024 27.3 46.9 27.5 23 11.5 24.7
Faster R-CNN [34] w/ ours - 26.84_2.9 47.8+5_(, 26.6+2_g 2.6+2_5 12.3+5_g 25.24.4.1
Cascade R-CNN [5] w/ ours - 28.1+2.9 48.1+5_5 28.3+2.4 2-9+2.8 12.3+5.3 26.4+3.9
DetectoRS [31] w/ ours - 283,20 48.5,46 28.841.9 3.5.34 12.6,51 26.1,28
RFLA [48] w/ ours - 29.0+1,3 50.7+2_7 29.0+2.4 7.4+2.9 14.9+|.9 26.5.‘.2,9

Table 1. Experimental results on VisDrone2019. The bottom-right corner of the result represents the gain towards its baseline.

3.3. Loss Function

Without loss of generality, we unify the original detection
network loss as L 4.+, comprising both regression and clas-
sification losses. The total loss function is expressed as:

L= Edet + >\1£'IE + )\2£pred (15)
where A\; and ), are balancing hyper-parameters.
4. Experiments

4.1. Evaluation setup

Datasets. Experiments are conducted on three tiny ob-
ject detection datasets: VisDrone2019 [11], AI-TOD [44],
and AI-TODv2 [47]. VisDrone2019 consists of 10 cate-
gories and 10,209 high-resolution (2,000 x 1,500) drone im-
ages captured in diverse urban scenes from various angles,
featuring numerous small object instances. AI-TOD con-
tains 28,036 aerial images and 700,621 annotated instances
across 8 categories, with a mean instance size of 12.8 pixels.
AI-TODvV2, a refined version, includes 752,745 instances
and a reduced mean instance size of 12.7 pixels.
Implementation Details. Experiments are implemented in
PyTorch using MMDetection [7], with all models trained
on a single NVIDIA RTX 4090 GPU. We follow the ex-
perimental settings of SR-TOD [6]. By default, ResNet50-
FPN [25] pretrained on ImageNet [36] is used for feature
extraction. Models are optimized using the SGD optimizer
with 0.9 momentum, 0.0001 weight decay, and 2 batch size.
Training consists of 12 epochs, with learning rate of 0.005
that decays at the 8th and 11th epochs. A\; and A, are set to
0.01 and 1.0, respectively. Ablation experiments and analy-
sis are conducted on VisDrone2019 using DetectoRS [31].
Evaluation Metrics. We follow the AI-TOD bench-
mark [44] evaluation metrics, which comprise the Aver-
age Precision (AP), APy 5, APy 75, AP, (very tiny), AP;
(tiny) and AP; (small).

4.2. Comparison with State-of-the-art Methods

Comparisons on VisDrone2019. We compare our method
with state-of-the-art approaches on VisDrone2019, as

Methods ‘ AP APU_5 APO_75 ‘ AP,; AB AP,
Fas.R-CNN [34] 11.7 27.4 8.2 0.0 8.6 23.7
Cas.R-CNN [5] 14.0 31.2 10.7 0.1 10.3 26.2
DetectoRS [31] 14.6 31.8 11.5 0.0 11.0 27.4
NWD-RKA [47] 20.5 48.7 13.8 8.1 20.6 25.6
RFLA [48] 21.7 50.5 153 8.3 21.8 26.3
CEASC [10] 14.4 332 10.2 32 152 18.5
PKS R-CNN [4] 9.3 22.1 6.3 0.0 6.6 18.9
Sal. DETR [15] 19.7 484 12.7 74 19.7 259
SR-TOD [6] 219 50.6 15.6 9.6 224 26.7
[34] w/ ours 20.64.3.9 49.7.‘.22.3 13.5.,.5‘3 6.64.(,.(, 22.1.‘.]3.5 25.7+2_()
[5] w/ ours 22.6:86 S52.14209 164457 | 84483 235,32 27.6414
[31] w/ ours 243,97 544,256 183,65 | 8585 249,139 298,54
[48] w/ ours 22.6+(),g 52.7.,,2.2 15.9+0,(, 8.2 0.1 22.7+(),9 27.2_‘_".9

Table 2. Experimental results on AI-TOD.

shown in Tab. I, leading to several key observations: 1)
Integrating our method into baseline detectors as plug-and-
play components consistently improves detection perfor-
mance, with the most notable gain of 5.8 points in AP, for
Faster R-CNN. On the challenging AP,; metric, the gain
reaches 3.4 points, highlighting our method’s advantage for
tiny objects. 2) When combined with RFLA, our method
outperforms all existing approaches on all metrics, achiev-
ing the highest AP,; of 7.4, 2 points higher than the next
best competitor. 3) Similar to our approach, SR-TOD uses
a difference map for feature enhancement. However, our
method achieves a greater overall improvement, as the dif-
ference map only captures partial information loss regions,
proving the superiority of our method in identifying infor-
mation loss regions. 4) RFLA addresses tiny object detec-
tion by optimizing label assignment, and our results show
that improvements in both label assignment and feature rep-
resentation significantly boost performance, suggesting the
potential of combining these strategies in future research.

Comparisons on AI-TOD and AI-TODv2. We also eval-
uate our method on AI-TOD and AI-TODvV2 to assess its
generalization. Results on AI-TOD, shown in Tab. 2, indi-
cate that nearly all models outperform the baseline, with a
maximum gain of 22.6 points. Our method, integrated with
DetectoRS, achieves the best performance on all metrics
except AP,;, where it ranks second. Similarly, as shown
in Tab. 3, results on AI-TODv2 mirror those on AI-TOD,
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Methods ‘ AP AP(]_5 APO_75 ‘ AP,; AP, AP,

Cas.R-CNN [5] 14.9 334 11.0 0.1 11.0 26.7

DetectoRS [31] 16.1 35.5 12.5 0.1 12.6 28.3

NWD-RKA [47] | 222 52.5 15.1 7.8 21.8 28.0 sparse put_ Lilelthood (0.0811 bpp) P2 () 5 -mw/o
RFLA [48] 22.8 53.8 15.4 7.9 222 28.8 )

CEASC [10] 17.0 39.5 11.5 3.9 16.1 22.0

PKS R-CNN [4] 11.1 25.1 8.5 0.0 7.3 22.1

Sal. DETR[15] | 20.9 52.6 12.6 8.2 20.4 27.0 : - o

SR-TOD [6] 29 540 157 77 229 28.4 Dense input Likelihood (0.5629 bpp) P, (¥) -n/o

(5] w/ ours 337ss 553u1s 168ies | Tdms  236m2e  29.1ias Figure 5. Visualizations of sparse and dense scenes, and columns
[317 w/ ours 255,04 582.17 184,50 | 8.6,5c 257.54 30.6,,, Show the likelihood map (corresponding bits per pixel), feature
[48] w/ ours 239,11 558420 16642 | 7306 23.5,3 290,02  map P» and normalized feature map *>%.

Table 3. Experimental results on AI-TODv2.

formation map o to guide the prediction of the distribution
map through various methods: multiplying input features

PFIM PGDP | AP APy; w AP, AP, T :
%3 139 | 01 75 23 by o, by (1 + o), and concatenating input features with o.
v 282 484 | 33 122 260 Although multiplying by o yields the best performance on
v 27.6 473 34 112 246 both AP and AP;, other metrics show significant declines,
v v 283 485 35 126 26.1

Table 4. Effect of our proposed modules.

with our best method significantly outperforming competi-
tors across all metrics. These experiments further validate
the effectiveness of our approach for tiny object detection.

4.3. Ablation Study

Proposed modules. We validate the effectiveness of
our two proposed components (Pixels Feature Information
Modeling and Position Gaussian Distribution Prediction) by
progressively applying them to enhance information loss
regions. As shown in Tab. 4, each component improves
performance relative to the baseline, with further gains ob-
served when both are combined. This demonstrates that the
components complement each other in capturing informa-
tion loss regions to enhance feature representation.
Different distribution modeling methods. We inves-
tigate various strategies for modeling the distribution
map. Specifically, we refine the covariance matrix using
fixed scaling factor =1, in contrast to the instance-size-
dependent scaling factors used in our method. Additionally,
we construct a binary mask based on ground truth bound-
ing box, where background values are 0 and the bounding
box is 1. We also utilize self-attention to generate a weight
distribution map. As shown in Tab. 5, all approaches under-
perform compared to our method. The fixed scaling factor
results in an inflated peak for tiny targets, increasing the net-
work’s learning burden. The binary mask approach is overly
simplistic and introduces irrelevant background noise, lead-
ing to suboptimal performance. Weight distribution map
generated from self-attention at limited pixels is suscepti-
ble to interference from irrelevant background, resulting in
performance degradation for tiny objects. In contrast, our
smooth distribution map effectively highlights salient fea-
tures without noise, yielding superior results.

Different prior guidance. As shown in Tab. 6, we use in-

primarily due to the loss of useful context in regions where
o is near 0. The concatenation method introduces noise, as
pyramid features (which capture spatial and semantic infor-
mation) and o (which represents the amount of information)
have different meanings. Multiplying by (1 + &) performs
similarly to ours, and we adopt element-wise addition for
its simplicity.

Different fusion strategies. We explore various fusion
strategies for two enhanced features, y; and ys, including
element-wise multiplication and concatenation. As shown
in Tab. 7, element-wise addition proves to be the most
effective fusion method, as it complements the features
and prevents information loss. In contrast, both element-
wise multiplication and concatenation lead to performance
degradation. Element-wise multiplication causes nonlinear
changes by magnifying or shrinking feature values, result-
ing in critical information loss. Additionally, since the two
enhanced features are highly similar, concatenation intro-
duces redundancy and increases network complexity.

4.4. Further Analysis

Analysis on Pixels Feature Information Modeling. We
analyze the effectiveness of Pixels Feature Information
Modeling module in capturing salient objects with high
amount of information. First, we visualize the estimated
information map o in Fig. 6(a), which clearly captures the
target’s spatial structure. The spatial structure of the ob-
jects becomes more prominent due to their higher amount
of information, confirming the effectiveness of using infor-
mation map o to enhance the feature. To illustrate how Pix-
els Feature Information Modeling module captures spatial
structure through different Gaussian distributions, we visu-
alize the feature map P2 (denoted as y) and its normalized
version (calculated by ¥=#) in Fig. 5. Since each element
of the normalized feature map follows a standard Gaussian
distribution, the structure appears blurry and disordered, in-
dicating that feature redundancy is removed and the spatial
structure is effectively captured by the modeled distribution.
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(a) Information map (b) Distribution map (c) Enhanced feature

(d) DetectoRS (e) DetectoRS w/ ours

Figure 6. Visualization of qualitative results. (a)-(c) are estimated information map, predicted distribution map and final enhanced feature,
(d)-(f) are the detection results of DetectoRS [31], our method and GT, dotted boxes are drawn for better comparison.

Settings | AP APys | APy AP, AP, Setngs | AP APys | AP, AP, AP, Setings AP AR | AR AR AP
fixeda=l | 279 479 | 34 118 256 ®oc 283 482 | 27 122 261 —

binary mask | 27.9 476 | 34 118 251 ®(l+0)|28.1 484 | 37 125 259 :;‘g;‘;hc““"" ;Zg 2;'2 ‘ ;g 11‘3‘ ;1;
selfattention | 277 475 | 30 117 251 concat | 27.9 478 | 27 122 254 : : ; : :
Ours 283 485 | 35 126 261 Ours | 283 485 | 35 126 261 _°O'° 283 485 | 35 126 261

Table 5. Different distribution modeling Table 6. Different amount of information
guidances. Element-wise product ®.

methods.
@ VisDrone2019-train ’
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Figure 7. Average BPP (bits per pixel) curves corresponding to
different dense levels on VisDrone2019 training and validation set.

We adopt the concept of bits per pixel (bpp) from com-
munication systems [37] to better understand the role of In-
formation Entropy loss in the module. Bpp is defined as the
average encoding cost per pixel, i.e., the Information En-
tropy loss L;g divided by the total number of pixels. As
shown in Fig. 5, the value at tiny objects in the likelihood
map is much lower than the background, indicating higher
encoding cost (see Eq. (6)) and more information. Conse-
quently, dense scenes exhibit higher bpp than sparse ones,
with values of 0.5629 and 0.0811, respectively. We define
dense level based on the number of instances in the image,
increasing one level for every 40 instances. The average bpp
across each density interval is plotted in Fig. 7, showing an
overall increasing trend, consistent with our analysis. This
supports the effectiveness of Information Entropy loss in
capturing salient objects with high amount of information.

Analysis on Position Gaussian Distribution Map. We vi-
sualize the predicted distribution map in Fig. 6(b), where
the objects and background are clearly separated, with the
value of tiny objects being notably larger than that of gen-
eral objects. Both the information map and distribution map

Table 7. Effect of different fusion strate-
gies.

highlight the regions to be enhanced, guiding feature im-
provement. As a result, the enhanced feature PQI in Fig. 6(c)
becomes more distinct. Furthermore, as shown in Fig. 6(d)-
(f), our method outperforms the baseline generic detector
by detecting more challenging tiny objects within the dot-
ted box, demonstrating the effectiveness of our feature en-
hancement for tiny objects.

5. Conclusion

This paper introduces a novel approach to enhance weak
regions in tiny object detection based on pixel-level fea-
ture information. We minimize Information Entropy loss in
an unsupervised manner to generate the attentive informa-
tion map, where higher values correspond to salient regions
with more amount of information. Then, to make the in-
formation map accentuate tiny objects, we predict the Posi-
tion Gaussian Distribution Map guided by information map
supervisedly. Using these two attentive maps, we enhance
previously indiscriminative tiny object features, and the ex-
perimental results on three datasets validate our method’s
effectiveness.
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