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Abstract

Unmanned Aerial Vehicle Object Detection (UAVOD)
presents unique challenges due to varying altitudes, dynamic
backgrounds, and the small size of objects. Traditional de-
tection methods often struggle with these challenges, as
they typically rely on visual features only and fail to ex-
tract the semantic relations between the objects. To address
these limitations, we propose a novel approach named Self-
Prompting Analogical Reasoning (SPAR). Our method uti-
lizes the vision-language model (CLIP) to generate context-
aware prompts based on image features, providing rich se-
mantic information that guides analogical reasoning. SPAR
includes two main modules: self-prompting and analogi-
cal reasoning. Self-prompting module based on learnable
description and CLIP-text encoder generates context-aware
prompt by combining specific image feature; then an object-
ness prompt score map is produced by computing the simi-
larity between pixel-level features and context-aware prompt.
With this score map, multi-scale image features are enhanced
and pixel-level features are chosen for graph construction.
While for analogical reasoning module, graph nodes consist
of category-level prompt nodes and pixel-level image feature
nodes. Analogical inference is based on graph convolution.
Under the guidance of category-level nodes, different-scale
object features have been enhanced, which helps achieve
more accurate detection of challenging objects. Extensive ex-
periments illustrate that SPAR outperforms traditional meth-
ods, offering a more robust and accurate solution for UAVOD.

Introduction
With the rapid advancements in deep learning, significant
progress has been made in the field of object detection. For
example, single-stage models like YOLO (Redmon et al.
2016) and two-stage models like Faster-RCNN (Ren et al.
2015) have demonstrated impressive performance on popu-
lar datasets such as COCO (Lin et al. 2014) and PASCAL
VOC (Everingham et al. 2015). However, the effectiveness
of these technologies still falls short of expectations when
applied to UAV (Unmanned Aerial Vehicle) imagery. UAVs
often capture wide-area images from a high altitude, lead-
ing to objects appearing much smaller compared to those in
ground-level images. This scale variability makes it difficult
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Figure 1: (a) The traditional relation reasoning methods only
use the visual similarity to construct a relation graph. (b) Our
method achieves self-prompting through the interaction of
visual and text features, and simultaneously constructs rela-
tional graph. In this way, small objects can be detected by
analogical reasoning.

for detection algorithms to accurately identify and localize
small objects.

Over the years, several methods have been proposed to
tackle this challenge, these methods can generally be cate-
gorized into three routes. The first route segments the image
into multiple regions and then selectively scales the regions
containing dense objects by a certain factor to enhance their
resolutions for object detection (Huang, Chen, and Huang
2022; Zhang et al. 2024). The second route introduces ad-
ditional network modules to enhance the network’s capabil-
ity to extract meaningful features, such as attention (Woo
et al. 2018), multi-scale feature fusion (Zhao et al. 2023),
etc. The final route aims to enhance data diversity through
image augmentation techniques such that a broader range of
scenarios can be exploited during training (Yan et al. 2022;
Garg, Mandal, and Narang 2021). All of the above methods
do not account for the relationships between different ob-
jects and contextual information, this oversight means that
while each object is detected individually, the interdepen-
dencies and interactions among objects and background are
not considered.
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It is a natural idea to incorporate relationships between
objects and background to improve detection performance
and get more meaningful interpretations of the scene. Re-
cent advancements have explored incorporating relation-
ship reasoning into object detection frameworks (Zhu et al.
2021a). These efforts primarily rely on visual feature sim-
ilarity as the basis for establishing relationships between
objects. While effective when visual features are clear and
distinct, these methods face significant challenges when
applied to UAV imagery. Objects in UAV images are of-
ten small in size, leading to a loss of critical visual fea-
tures and making accurate relation reasoning difficult, as
shown in Fig.1(a). Therefore, additional modal information
is needed. Fortunately, vision-language multimodal models,
e.g., CLIP (Bianchi et al. 2021), align text and images into a
high-level semantic space, which provides a valuable auxil-
iary model for reasoning relationships between objects.

Based on the above analysis, we propose a novel method
called Self-Prompt Analogical Reasoning (SPAR). Specif-
ically, there are two primary modules. The first is self-
prompting module, which outputs a context-aware prompt
and multi-scale objectness prompt score maps. The context-
aware prompt is generated by combining the embeddings
of learnable class descriptions based CLIP-text encoder
and specific image feature; while objectness score maps
are computed by the similarity between the context-aware
prompt and multi-scale pixel-level features. Another ana-
logical reasoning module is based on multi-scale graphs.
Graph nodes are composed of category-level and pixel-level
nodes which are constructed by the class prompt and the
filtered pixel-level features by score map, respectively. The
edge weights are computed by learnable similarity measure.
By applying graph convolution, based on language features
embedded in the category-level node features, similar ob-
ject features will been enhanced. Implementing our method
based on YOLOv8 as the baseline achieves promising re-
sults on UAV image object detection datasets.

Our contributions can be summarized as follows: (1) A
novel analogical reasoning framework for object detection
is proposed based on vision-language model. Analogical
reasoning has three steps: deduction, mapping and infer-
ence, which correspond to graph construction based on lan-
guage feature, graph edge construction and graph reason-
ing respectively. In this way, the easier detection of ob-
jects can support the detection of smaller and challenging
objects. (2) A self-prompting method is proposed which
endows each image context-aware prompt and objectness
prompt score map. The contextual information is implic-
itly extracted and feature representation is enhanced. (3) Im-
plementing analogical reasoning through category-level and
pixel-wise graph nodes enhances the features of objects that
are difficult to be detected directly through visual features,
enabling their successful detection through relational rea-
soning.

Related Works
Object detection on drone imagery. There are two main
routes to address UAV object detection challenges. The first

route emphasizes the importance of pointing and isolat-
ing areas within the image where objects are densely clus-
tered (Feng et al. 2022; Han et al. 2021; Sun 2024), where
the detection can be concentrated on. For example, Clus-
Det (Yang et al. 2019a) generates object cluster regions;
Cascaded zoom-in(Meethal, Granger, and Pedersoli 2023)
identifies density crops by adding ”crop” as a new class,
selecting high-quality density crops during inference. Ada-
Zoom (Xu, Li, and Wang 2021) uses policy gradient to dy-
namically focus on small and dense object regions.

The second route involves enhancing detection perfor-
mance by managing variability in object size and appear-
ance in aerial imagery (Zhang et al. 2023; Lee et al. 2024;
Wang et al. 2023; Li et al. 2024). This includes design-
ing scale-robust models, using multi-scale feature extrac-
tion, incorporating data augmentation, and integrating atten-
tion mechanisms to better focus on relevant features and im-
prove detection accuracy across different scales (Dadsetan
et al. 2021). For example, TPH-YOLOv5 (Zhu et al. 2021b)
enhances YOLOv5 by adding a prediction head for tiny ob-
jects; SIFDAL (Liu et al. 2024) improves detection accuracy
by disentangling scale-invariant features and introducing a
new multi-modal dataset with UAV-specific flight data.

Vision-language model for object detection. Since the
introduction of CLIP, a substantial amount of works have
applied vision-language models to downstream tasks (Liu
et al. 2023). The applications on object detection can be
roughly categorized into two types. The first one focuses on
improving prompts by enhancing language representations
to boost detection accuracy (Zang et al. 2024). For example,
Coop (Zhou et al. 2022b,a) introduces a method that opti-
mizes class prompts through contrastive learning to improve
vision-language model performance on downstream tasks;
EDA (Shi and Yang 2023) uses object-level supervision to
learn dense-level alignment to maintain local fine-grained
semantics; GLIP (Li et al. 2022) defines object detection as
an association task by aligning each region/bounding box
with a phrase in the text prompt.

While another one explores how to integrate language
model into the existing detection networks. For example,
ViLD (Gu et al. 2021) trains a student detector, whose region
embeddings of detected boxes are aligned with the text and
image embeddings inferred by the teacher; GridCLIP (Lin
and Gong 2023) learns grid-level representations to adapt to
the intrinsic principle of one-stage detection learning by ex-
panding the conventional CLIP image-text holistic mapping
to a more fine-grained grid-text alignment; ProposalCLIP
(Shi et al. 2022) employs an unsupervised approach directly
utilizes CLIP to label objects in image; RegionCLIP (Zhong
et al. 2022) introduces a region-based vision-language pre-
training method that learns to match image regions with
their descriptions and associates region-text pairs; Dense-
CLIP (Rao et al. 2022) combines CLIP-based language fea-
tures with visual features extends CLIP to dense detection.
Although the binding of language and visual features can en-
hance the representation ability to a certain extent, the con-
textual information is still not fully utilized.

Relational reasoning for object detection. Relational
reasoning in object detection involves understanding and
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leveraging the relationships between objects within an im-
age to improve detection accuracy and robustness (Hu et al.
2018). This approach goes beyond detecting objects in iso-
lation by incorporating contextual and spatial relationships,
providing valuable cues for object detection. Relational rea-
soning methods in object detection can be broadly catego-
rized into three approaches. The first approach uses the con-
textual information surrounding objects to aid detection. For
example, SMN (Chen and Gupta 2017) enhances object de-
tection by efficiently modeling instance-level context that
integrates object instances into a pseudo-image represen-
tation; GCRN (Acharya et al. 2022) detects out-of-context
objects by capturing and analyzing contextual cues using a
graph-based approach. The second approach optimizes pre-
dictions based on the expected spatial and semantic interac-
tions between objects. For example, reasoning-RCNN (Xu
et al. 2019) integrates global semantic knowledge and adap-
tive reasoning to refine both classification and bounding box
regression; C-GCN (Fu et al. 2020) uses graph convolu-
tional networks for small object detection, which encodes
implicit pair-wise regional relationships and propagates se-
mantic and spatial layout contextual information. Relational
reasoning has been proven to be effective in object detec-
tion, but based solely on limited visual information, it cannot
effectively achieve feature analogical reasoning. Therefore,
we propose a joint reasoning approach that combines self-
prompt and image features.

Methodology
Problem statement
Assuming UAV object detection training set Dtrain =
{xi

tr, y
i
tr}

Ntr
i=1, where yitr = (bitr, c

i
tr) represents the boxes

and classes of objects in the i-th image of training set, and
it is further projected into pixel-wise one hot label yitr,j for
the j-th pixel. Ntr is the cardinality of training set. The test
set is Dtest = {xi

te, y
i
te}

Nte
i=1, where Nte is the cardinality

of test set. C = {ci}Ki=1 is a set of classes that need to be
detected where ci is the i-th class name and K is the num-
ber of classes. Our goal is to use the vision-language model
CLIP to train a better object detector, improving detection
performance in UAV images.

Overview. The proposed SPAR framework consists of
two moduels: self-prompting and analogical reasoning, as
illustrated in Fig. 2. Initially, the backbone F of YOLOv8 is
utilized to extract multi-scale features [C3, C4, C5] = F(x)
for an images x. The self-prompting module is to output
context-aware prompt and multi-scale objectness prompt
score maps. A learnable textual context dk and Multi-Head
Cross Attention techinque (Cordonnier, Loukas, and Jaggi
2020) is used to modulate image feature to text embedding
Te for context-aware prompting; then, the resulted prompt
Tei is combined with the enhanced image feature map fi
to obtain score map si which denotes objectness in the cor-
responding position of feature maps for i ∈ {3, 4, 5}. The
feature map fi is also updated as f ′

i in an attention-weighted
manner according to the score map si.

Analogical reasoning module uses contextual informa-
tion to assist in object detection based on graph reasoning.

Multi-scale graphs are constructed corresponding to three
scale backbone features f ′

i . Each scale of graph nodes are
composed of category-level nodes and pixel-level nodes.
Category-level node is produced by each class text embed-
ding Tei(k) for k ∈ {1, · · · ,K}, while pixel-level node is
produced by the feature at the position whose score map
value is greater than a threshold. The graph edge weight is
computed based on similarity. Graph reasoning is performed
based graph convolution such that object features from dif-
ferent locations can learn from each other. In the end, the
updated node features are projected back to enhance the fea-
ture maps f ′

i for obtaining better detection performance.

Self-Prompting Module
As we mentioned before, utilizing the contextual infor-
mation around objects can help accurate object detection.
However, UAV images always can not provide detailed
object contextual descriptions. So we first leverage learn-
able description binding specific image feature for context-
aware prompting to guide object detection; then based on
this context-aware prompt, a prompt score map is obtained
which denotes the possibility of various class objects appear-
ing in the position of image feature maps.

Context-aware prompting. For incorporating contextual
information, for each class ci, its learnable description dk is
represented as

dk = [p, ck], 1 ≤ k ≤ K (1)

where p ∈ RN×C are the learnable textual contexts and
ck ∈ RC is the embedding for the k-th class name. C is
feature dimension. Here the learnable prompt tokens p is
used instead of fixed templates as the design of CoOp (Zhou
et al. 2022b). Then, the description dk will pass through the
CLIP-text encoder T to obtain the text embedding ek ∈ RC

as ek = T (dk).
Next, we will associate a specific image feature with the

text embedding. For an image x, the multi-scale features
C3, C4 and C5 are input into a max pooling layer to obtain
4×4 regions and flattened into a 16×C matrix respectively:

fi = Flatten(MaxPool(Ci)), for i ∈ {3, 4, 5}, (2)

where fi ∈ R16×C . Then the multi-scale flattened features
are concatenated as f = Concat(f3, f4, f5). Thus we obtain
a visual feature f ∈ R48×C that integrates multi-scale se-
mantic information. This allows for the fusion of contextual
information across different scales.

Multi-Head Cross-Attention Mechanism is used to
fuse text and image features. The text feature Te =
[e1, e2, · · · , eK ]T ∈ RK×C and the visual feature f are
transformed into query vectors Q, key vectors K, and value
vectors V respectively as

Qh = TWQh
,Kh = fWKh

, Vh = fWVh
(3)

where WQh
∈ RC×dh , WKh

∈ RC×dh , and WVh
∈

RC×dh are linear transformation matrices. h denotes the
h-th attention head; dh is the dimension of each head
as dh = C/H where H is the number of attention
heads. The attention Ah ∈ RK×48 is computed as Ah =
Softmax(QhKh

T /
√
dh).
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Figure 2: The proposed SPAR method consists of two main modules: self-prompting module and analogical reasoning module.
Self-prompting module implicitly extracts contextual and semantic information from image, enhancing the text embeddings
and utilizing them to generate three score maps that prompt the features focusing on important areas. Analogical reasoning is
based on three graphs with respect to multi-scale features. Text feature based nodes and pixel-wise image feature based nodes
are interacted and relation reasoning is performed, which helps achieve more accurate detection of challenging objects.

Attention is used to perform a weighted average of the
value vectors to produce the output of each attention head,
Oh = AhVh ∈ RK×dh . Finally, the outputs from all atten-
tion heads are concatenated and processed through a linear
transformation matrix WO to generate the enhanced image
feature tokens:

Tsp = Concat (O1, O2, · · · , OH)WO (4)

where WO ∈ RC×C and Tsp ∈ RK×C . By adding this
context-enriched image feature to the initial text feature, we
can obtain a new text feature that includes contextual seman-
tic information,

Tei = Te + αTsp. (5)
Remark. Through the above process, we implicitly in-

tegrate contextual information from the image into the text
features. This results in more accurate and reliable text fea-
tures. With these enhanced text features combined with the
rich semantic information obtained through text-visual in-
teraction, the classification accuracy will be improved.

Prompt score map computation. The strong zero-shot
capability of CLIP model can highlight the feature regions
that require significant attention while suppressing irrelevant
areas, thereby further enhancing the representation capabil-
ity of the feature map. This part will use the context-aware
prompt to get the objectness score map.

We adjust the number of channels of features Ci (i =
3, 4, 5) to C by modifying the number of output channels
in the C2f module of YOLOv8. Inspired by the design
of CBAM, we incorporate a channel attention on multi-
scale feature Ci ∈ RHi×Wi×C . First, we compute the
global average pooling favg ∈ RC and global max pool-
ing fmax ∈ RC of the feature Ci. Then the enhanced feature

fi ∈ RHi×Wi×C is
fi = (σ (g(favg) + g(fmax)))⊙ Ci, (6)

where σ denotes the Sigmoid activation function, g denotes
the fully connected layer followed by ReLU activation and
⊙ denotes element-wise multiplication along channel di-
mension.

The similarity map between the visual feature map fi ∈
RHi×Wi×C and context-aware prompt Tei ∈ RK×C is com-
puted at each pixel as

pi = βfi · TT
ei + γ (7)

where β and γ are learnable parameters, pi ∈ RHi×Wi×K

represents the possibility of each class being present in ev-
ery region in the feature map. The prompt score map si ∈
RHi×Wi×1 is computed as si = maxk px,y,k by applying
the max operation to pi, where ph,w,k represents the value
at position (h,w) for the k-th channel in the matrix pi. This
expression indicates that for each spatial position (h,w), we
select the maximum value across the K channels in the ma-
trix pi. Furthermore, the visual feature map will be updated
as

f ′
i = fi ⊙ σ(si)

T + fi. (8)

Analogical Reasoning
Analogical reasoning can provide semantic supplementation
when processing unclear or incomplete data by leveraging
information from similar situatons, which greatly aids in
detecting small objects. Specifically, there are usually two
types of relationships among objects in an image: category
co-occurrence relationships, such as a bicycle often appear-
ing with people or a car usually found on a road, and intra-
class similarity relationships, where objects of the same
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class typically share similar visual and distribution features.
By using a graph to learn and memorize these relationships,
we can infer hard-to-detect objects through those that are
easily detected, based on their semantic associations or fea-
ture similarities. So our analogical reasoning comprise two
parts: graph construction and graph reasoning.

Graph construction. Multi-scale graphs Gi are con-
structed with respect to the combinations of the text prompt
Tei and multi-scale image features f ′

i for i ∈ {3, 4, 5}, re-
spectively.

(1) Graph node construction. There are two kinds of
graph nodes, i.e., category-level and pixel-level nodes. The
text feature Tei(k) for class k, where k ∈ {1, · · · ,K},
corresponds to a graph node, totally resulting in a graph
node matrix Hc ∈ RK×C . While for pixel-level node, since
single-stage object detection networks do not have a re-
gion proposal mechanism to obtain instance-level features,
the feature f ′

i(h,w) corresponds to a node if si(h,w) > τ ,
where τ is set empirically. Suppose there are M quali-
fied nodes, then we get pixel-level node matrix Hi,p ∈
RM×C . Here, the positions are also recorded as E =
[(h1, w1), · · · , (hM , wM )]. It should be noted that the M
is varying with different images. The node matrix of Gi is
Hi = Hc ∪Hi,p.

(2) Graph edge construction. Following the work (Chen
et al. 2019), for the graph Gi, we calculate the adjacency ma-
trix Ãi = [Ãi

m,n] ∈ RNv×Nv , Nv = K+M , by performing
a dot product between the feature vectors of the nodes m and
n as follows:

Ãi
m,n = Conv1×1(Hi)(m) · Λ̃(Hi) · Conv1×1(Hi)(n)

T

where Conv1×1 denotes a 1×1 convolutional layer followed
by a ReLU activation function. The matrix Λ̃(Hi) ∈ RC×C

is a diagonal matrix designed to learn a more precise dis-
tance metric through the inner product, defined as:

Λ̃i = diag(Conv1×1(Avepool(Hi))) (9)

Here, Avepool(·) represents average pooling, and diag(·) re-
shapes a vector into a diagonal matrix. After this, we also
perform normalization on the adjacency matrix,

Âi = D−1/2(Ãi + I)D−1/2 (10)

where I ∈ RNv×Nv is the identity matrix, and D ∈
RNv×Nv is the degree matrix, with the diagonal element
D(i, i) representing the degree of node i, i.e., Dii =∑

j(Ã
i + I)ij . Normalizing the adjacency matrix helps al-

leviating feature amplification effects, ensures balanced fea-
ture contributions, improves gradient propagation stability,
and accelerates model convergence. This makes the graph
convolution network more stable and efficient during train-
ing and inference.

Graph reasoning. Analogical reasoning is typically di-
vided into three steps: deduction, mapping, and inference.
The construction of the graph and the establishment of rela-
tionships correspond to deduction and mapping respectively.
Now, we use graph convolution to perform inference to up-
date node features,

Hi
(l+1) = ReLU(LiHi

(l)Wi) (11)

where the normalized graph Laplacian matrix Li ∈ RNv×Nv

is
Li = I − Âi. (12)

H
(l)
i ∈ RNv×C is the node feature matrix at l-th iteration.

Wi ∈ RC×C is the learnable weight matrix which is in-
dependent of the number of graph nodes. It learns how to
combine node features based on node similarity. The final
HL

i ∈ RNv×C is obtained after L iterations.
After splitting HL

i into HL
c and HL

i,p, the updated node
features are projected back to the multi-scale feature f ′

i as

fe
i (hm, wm) = f ′

i(hm, wm) +HL
i,p(hm, wm) (13)

where (hm, wm) is the position recorded in E. While the
text embeddings are update as T e

ei based on HL
c similarly.

With the updated multi-scale features, we present a text con-
trastive head to obtain the classification score for each scale
feature,

Si(w, h) = Softmax((fe
i (w, h)) · (T e

ei)
T ) (14)

where Si ∈ RHi×Wi×K is the classification result. The clas-
sification contrastive loss is defined as follows,

Li
cls = − 1

N i
pos

Hi×Wi∑
j=1

(yij log(p
i
j) + (1− yij) log(1− pij))

where N i
pos is the number of positive samples in the i scale

feature map. pij is the class prediction probability vector of
the j-th pixel in Si. yij is the ground truth class label vector
of the j-th pixel. In the end, combined with the Yolo loss,
the overall loss is L =

∑
i L

i
cls + LY olo.

Remark. Analogical reasoning enhances visual feature
by transmission between similar and related objects through
graph convolution. For objects that cannot relate to other ob-
jects due to ambiguous features, indirect feature transmis-
sion is achieved using text nodes as intermediaries. This en-
riches feature representation and subsequently improves de-
tection accuracy.

Experiment
Experimental Settings
Datasets. For the assement of our methods, we utilized two
popular and challenging benchmark datasets in the field of
aerial image detection: VisDrone (Du et al. 2019) dataset
and UAVDT (Du et al. 2018) dataset. VisDrone dataset
comprises 8599 images captured by drones, divided into
6471 for training, 548 for validation, and 1580 for testing,
each with a resolution of approximately 2000 × 1500 pixels.
The dataset includes ten categories of objects, with 540k an-
notated instances in the training set, mostly containing dif-
ferent categories of vehicles and pedestrians observed when
the drone is flying through the streets. As the evaluation
server is closed now, following the existing works, we used
the validation set for evaluating the performance. UAVDT
dataset is a comprehensive resource for drone-based tasks,
including object detection, single-object tracking, and multi-
object tracking. It comprises 24,143 training images and
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Method AP AP50 AP75
FPN (NeurIPS, 2015) 16.9 30.7 17.2
Faster R-CNN (TPAMI, 2017) 12.1 23.5 10.8
CascadeRCNN (CVPR, 2018) 17.1 30.5 18.6
ClusDet (ICCV, 2019) 13.7 26.5 12.5
DREN (ICCVW, 2019) 15.1 - -
AMRNet (Arxiv, 2019) 18.2 30.4 19.8
DMNet (CVPR Workshop, 2020) 14.7 24.6 16.3
TPH-YOLOv5 (ICCVW, 2021) 26.9 41.3 32.7
GLSAN (TIP, 2021) 17.0 28.1 18.8
AdaZoom (TMM, 2022) 20.1 34.5 21.5
Zoom&Reasoning Det (SPL, 2022) 21.8 34.9 24.8
UFPMP-Det (AAAI, 2022) 24.6 38.7 28.0
TPH-YOLOv5++ (MDPI, 2023) 30.1 43.5 34.3
EVORL (AAAI, 2024) 28.0 43.8 31.5
Proposed Method 30.5 43.9 34.7

Table 1: Comparison with the state-of-the-art methods on
the UAVDT dataset in terms of MAP. The best results are
highlight in bold.

16,592 testing images, each with an average resolution of
1024 × 540 pixels. This dataset features diverse and chal-
lenging scenarios. It is extensively used for the detection of
various vehicle types, such as cars, trucks, and buses.

Evaluation metrics. We evaluate our method using stan-
dard object detection metrics(Lin et al. 2014), including
mean Average Precision (mAP), mAP50, and mAP75. The
mAP metric represents the average AP over IoU thresholds
ranging from 0.50 to 0.95, with an interval of 0.05. The
mAP50 and mAP75 metrics correspond to the AP values at
IoU thresholds of 0.50 and 0.75, respectively. Higher values
for these metrics indicate better performance.

Implementation details. The backbone detector used in
our study is YOLOv8, and all of our models use an NVIDIA
RTX3090 GPU for training and testing. In the training
phase, we use part of pretrained model from YOLOv8, be-
cause SPAR and YOLOv8 share most part of backbone and
some part of head, there are many weights can be transferred
from YOLOv8x to our method, by using these weights we
can save a lot of training time. The model on train set is
trained for 100 epochs, and the first 2 epochs are used for
warm-up. We use adam optimizer for training, and use 3e-4
as the initial learning rate.

Comparison with State-of-the-art Methods
Compared methods. We compare two categories of meth-
ods. The first category uses general object detection algo-
rithms, such as Faster-RCNN and CascadeRCNN. The sec-
ond category includes the methods specifically optimized
for drone object detection scenarios, such as ClusDet (Yang
et al. 2019b), UFPMP-DET, DMNet, ClusDet (Yang et al.
2019b), UFPMP-DET (Huang, Chen, and Huang 2022),
DMNet (Fang and Li 2020), GLSAN (Deng et al. 2020),
DREN (Zhang et al. 2019), AMRNet (Wei et al. 2020) (data
augmentation) and NDFT (Wu et al. 2019).

Quantitative comparison. As shown in Table 1 and Ta-
ble 2, the proposed method (SPAR) demonstrates superior
performance in object detection tasks compared to various

Method AP AP50 AP75
Faster R-CNN (TPAMI, 2017) 21.8 41.8 20.1
SAIC-FPN (Neurocomputing, 2019) 35.7 62.3 35.1
ClusDet (ICCV, 2019) 32.4 56.2 31.6
DMNet (CVPR Workshop, 2020) 29.4 49.3 30.6
GLSAN (TIP, 2021) 32.5 55.8 33.0
HRDNet (ICME, 2021) 35.5 62.0 35.1
TPH-YOLOv5(ICCVW, 2021) 42.1 63.1 45.7
Zoom&Reasoning Det (SPL, 2022) 39.0 66.5 39.7
UFPMP-Det (AAAI, 2022) 39.2 65.3 40.2
UFPMP-Det+MS (AAAI, 2022) 40.1 66.8 41.3
AdaZoom (TMM, 2022) 40.3 66.9 41.8
TPH-YOLOv5++ (ICCVW, 2021) 41.4 61.9 45.0
EVORL(AAAI, 2024) 42.2 66.0 44.5
Proposed Method 42.8 66.7 45.1

Table 2: Comparisons with state-of-the-art methods on the
VisDrone dataset.

Method APS APM APL

Faster R-CNN (TPAMI, 2017) 8.4 21.5 14.7
ClusDet (ICCV, 2019) 9.1 25.1 31.2
DMNet (CVPR Workshop, 2020) 9.3 26.2 35.2
AdaZoom (TMM, 2022) 14.2 29.2 28.4
Zoom&Reasoning Det (SPL, 2022) 15.3 32.7 30.8
EVORL(AAAI, 2024) 21.8 40.4 35.9
Proposed Method 22.9 40.8 37.5

Table 3: Performance comparison on different object sizes.

state-of-the-art methods on UAVDA and VisDrone datasets.
Specifically, the results on UAVDA dataset show that SPAR
achieves an AP of 30.5, surpassing many traditional meth-
ods, such as FPN and Faster R-CNN, and outperforming
recent methods like EVORL (28.0). On VisDrone dataset,
SPAR also achieves an AP of 42.8, surpassing most state-of-
the-art methods. These results underscore SPAR’s effective-
ness in improving comprehensive performance, especially in
detecting small and challenging objects in complex scenar-
ios. Our method does not improve as much on the VisDrone
dataset as on the UAVDA dataset because some categories
in this dataset are semantically similar and visually con-
fusing, such as pedestrian and person, tricycle and awning-
tricycle. The binding of fine-grained text and visual features
is a worthwhile research direction.

For a detailed evaluation of performance across various
object sizes, Table 3 presents the average precision met-
rics of diffent scale objects: APS ,APM and APL on the
UAVDT dataset. These metrics measure detection accuracy
for objects with areas smaller than 32 × 32 pixels, be-
tween 32 × 32 and 96 × 96 pixels, and larger than 96 ×
96 pixels, respectively. The proposed method demonstrates
substantial improvements over EVORL in all categories,
achieving an APS of 22.9 compared to EVORL’s 21.8, re-
flecting enhanced detection of small objects. For medium-
sized objects, the proposed method’s APM of 40.8 exceeds
EVORL’s 40.4, indicating superior performance. Addition-
ally, the method achieves an APL of 37.5 for large objects,
slightly better than EVORL’s 35.9. These results confirm the
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(a) (b) (c) (d)

Figure 3: Visualization comparison. (a) The detection results of YOLOv8. (b) The detection results of SPAR. The small and
dense objects are effectively detected as well. (c) Heatmap of YOLOv8, displaying less focused activation on small objects. (d)
Heatmap with SPAR, showing more precise and concentrated activation on objects, particularly for small objects.

proposed method’s overall effectiveness in improving detec-
tion accuracy across various object sizes.

Visualization comparison. Fig. 3 provides a comprehen-
sive visualization of the performance of the SPAR method.
The columns (a) and (b) show the detection results without
and with SPAR respectively. The detection results in column
(b) clearly demonstrate the superiority of the SPAR method,
with small and dense objects being effectively detected. This
improvement is further substantiated by the heatmaps shown
in columns (c) and (d). Column (c), which represents the
heatmap without SPAR, shows less focused activation, par-
ticularly for small objects. In contrast, column (d) illustrates
the heatmap with SPAR, displaying more precise and con-
centrated activation on objects, with a marked improvement
in the detection of small objects. These visual comparisons
highlight the enhanced accuracy and robustness of the SPAR
method in detecting small and densely packed objects.

Ablation Study
In order to show the effectiveness of each module, we con-
duct ablation experiments on VisDrone datasets, as shown
in Table 4. Yolov8 is the baseline model; ”+SP” is the base-
line with only self-promting module; ”+SP+AR(w/o text
node)” denotes using self-prompting and analogical reason-
ing modules but the graph without category-level nodes.
Based on Table 4, it can be concluded that all modules con-
tribute to the final performance. Specifically, the combined
using of category-level nodes and pixel-level nodes results in
improved performance compared to using only pixel-level

Method AP AP50 AP75
YOLOv8 41.3 63.3 40.9
+SP 42.1 64.0 41.7
+SP+AR(w/o text node) 42.5 65.2 43.6
SPAR 42.8 66.7 45.1

Table 4: Ablation study of SPAR on the VisDrone dataset.

nodes; AP, AP50 and AP75 on VisDrone are increased by
0.3, 1.5 and 1.5 respectively. It proves the effectiveness of
language guided analogical reasoning.

Conclusion
We proposed a novel Self-Prompt Analogical Reasoning
(SPAR) method to enhance object detection accuracy in
UAV imagery. This approach integrates two key com-
ponents. Self-prompting module generates context-aware
prompts to enrich feature representation and also prompt
objectness in feature maps based score maps. While ana-
logical reasoning module employs graph-based reasoning
to improve the detection of small and challenging objects.
We formulated an analogical reasoning framework: deduc-
tion, mapping and inference. By constructing two kinds
of graph nodes corresponding to text and visual features,
knowledge deduction is performed; graph edge construc-
tion implements knowledge mapping; and graph convolu-
tion performs inference. Experiment results demonstrate su-
perior performance compared to traditional methods.
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