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Figure 1. Qualitative comparison of our model TY-RIST with the baseline, showing the effects of stride reduction, the higher-resolution
feature map (C?2) with its detection head (P-), and model trimming. Green boxes denote true positives; red boxes denote false negatives.

Abstract

While critical for defense and surveillance, infrared small
target detection (IRSTD) remains a challenging task due
to: (1) target loss from minimal features, (2) false alarms
in cluttered environments, (3) missed detections from low
saliency, and (4) high computational costs. To address
these, we propose TY-RIST, an optimized YOLOv12n archi-
tecture featuring: (1) a stride-aware backbone with fine-
grained receptive fields, (2) a high-resolution detection
head, (3) cascaded coordinate attention blocks, and (4) a
branch pruning strategy that reduces computational cost up
to ~25.5% while marginally enhancing performance and
enabling real-time inference. Additionally, we incorporate
the Normalized Gaussian Wasserstein Distance (NWD) to
improve regression stability. Extensive experiments on four
benchmarks and across 20 different models demonstrate
state-of-the-art performance, boosting mAP @50 by +7.9%,
Precision by +3%, and Recall by +10.2%, while running
up to ~123 FPS on a single GPU. Cross-dataset valida-
tion on a fifth dataset further confirms strong generaliza-
tion capability. Further results and details are published at
www.glthub.com/moured/TY-RIST.
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1. Introduction

In the field of object detection, small targets are formally de-
fined as objects occupying less than 0.5% of the total image
area, exhibiting weak contrast (typically below 0.15), and
possessing a low signal-to-noise ratio (SNR) [2]. IRSTD
focuses on detecting small and often moving targets em-
bedded within cluttered and noisy infrared backgrounds.
IRSTD holds significant importance for critical applica-
tions, including military reconnaissance [29], traffic mon-
itoring and management [43], and maritime search and res-
cue operations [30]. Nevertheless, IRSTD remains a highly
challenging task due to several inherent difficulties. First,
the minimal size and weak signal strength of targets of-
ten lead to the loss of critical features, compromising re-
liable detection. Second, cluttered or textured backgrounds
contribute to elevated false-alarm rates. Third, low target
saliency and contrast frequently result in missed detections.
Fourth, the high computational demands of advanced detec-
tion frameworks limited their practical deployment in real-
time applications.

IRSTD methods are categorized based on feature uti-
lization, problem formulation, and algorithmic approach.
Regarding feature extraction, algorithms are divided into
single-frame approaches (SIRST) [49], which process spa-
tial features from individual frames, and multi-frame ap-
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Figure 2. Detection performance vs. GFLOPs on the IRDST
dataset. Circle size indicates model parameter count, and our TY-
RIST model is denoted by .

proaches (MIRST) [24], which exploit temporal features
from video sequences to enhance detection performance at
increased computational cost. From a formulation perspec-
tive, SIRST implementations may adopt either a detection-
based paradigm [49] or a segmentation-based approach
[16]. MIRST, on the other hand, has only been formu-
lated as a detection problem so far due to the absence of
a suitable multi-frame segmentation-based dataset. Algo-
rithmically, while classical techniques such as filtering [1]
and local contrast enhancement [11] demonstrate computa-
tional efficiency, their dependence on expert-driven param-
eter tuning limits their generalization capability.

In contrast, deep learning-based approaches have re-
cently achieved notable success in IRSTD, offering high
accuracy and strong generalization in complex infrared
scenes. Among these, YOLO-based detectors [18, 49] have
gained significant attention due to their ability to balance
detection performance with real-time inference efficiency
effectively. YOLOvVI12 [31], the most recent advancement
in the YOLO family, has introduced a novel attention mech-
anism, Area Attention, which enhances feature represen-
tation and surpasses traditional convolutional architectures
while maintaining competitive inference speed.

We present TY-RIST, Tactical YOLO Tricks for Real-
time Infrared Small Target Detection, a unified framework
based on the YOLOvV12n baseline that addresses the afore-
mentioned challenges. First, we introduce a stride-aware
convolutional backbone to construct a fine-grained recep-
tive field for improved spatial localization. Second, we add
a high-resolution feature map with a dedicated tiny-object
detection head to suppress false alarms. Third, we inte-
grate cascaded Coordinate Attention (CA) [14] blocks on
the newly added detection head to reduce missed detections.
Fourth, we replace the classical Complete Intersection over
Union (CIoU) [46] loss with the NWD [35] to improve re-
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gression stability and ease convergence, addressing the sen-
sitivity of bounding box regression to infrared small targets.
Fifth, we optimize the architecture by pruning redundant
branches, achieving up to ~25.5% reduction in GFLOPs
and up to ~25.6 % in the number of parameters while offer-
ing incremental improvement in performance and running
at real-time speed. Figure | qualitatively illustrates the im-
pact of some of the proposed experiments on the model’s
performance, demonstrating reduced missed detections and
real-time inference capability.

We evaluated our model on two multi-frame (ITSDT-
15k [50] and IRDST [28]), and two single-frame bench-
marks (NUAA-SIRST [6] and NUDT-SIRST [16]), achiev-
ing improvements up to 7.9% in mAP@50, 3% in Pre-
cision, and 10.2% in Recall over the baseline on ITSDT-
15k benchmark. Furthermore, our model outperforms 14
SIRST and 6 MIRST state-of-the-art (SOTA) algorithms on
the four benchmarks (results on the IRDST benchmark are
shown in Figure 2), while maintaining a real-time infer-
ence speed up to ~123 FPS on a single NVIDIA RTX3080
Ti GPU. Finally, a cross-dataset validation on the unseen
IRDST-1k [44] benchmark confirmed strong generalization
capability.

2. Related Work
2.1. Data Driven SIRST Paradigm

Learning-based SIRST approaches have become dominant
in IRSTD by leveraging attention mechanisms, advanced
feature modeling, and contextual reasoning. Channel and
spatial attention modules [6, 16, 40, 44, 45, 48] enhance
fine details, shape cues, and global-local correlations. Other
methods integrate multi-scale and hybrid feature extraction
[13, 28, 37, 38, 41] to better capture tiny targets. Recent
work also emphasizes dataset and loss design, including
negative sample augmentation [23] and multi-scale heads
with novel losses [21], showing that architectural and data-
centric innovations are equally important.

2.2. Data Driven MIRST Paradigm

Multi-frame SIRST methods enhance detection by exploit-
ing temporal features across sequences, which helps sup-
press false alarms and reinforce weak targets. ConvLSTM-
based spatio-temporal fusion networks [3, 9, 19, 50] cap-
ture motion cues, complementary features, and direction
information to strengthen temporal consistency. Inspired
by the success of transformers in vision [7], recent works
extend this to IRSTD by modeling frame-to-frame depen-
dencies [32] or jointly learning spatial, temporal, and chan-
nel correlations [51]. While transformer-based models
achieve strong performance, their computational demands
pose challenges for real-time deployment.
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Figure 3. An overview of our TY-RIST, based on the YOLOV12n, which incorporates improved backbone, neck, and head modules. Pink

color shows our added modules.

3. Methodology
3.1. Overall Architecture

The overall architecture of the proposed framework is sum-
marized in Figure 3. It is based on the YOLOv12n [31]
architecture, with a series of improvements applied at each
stage of the pipeline. This section presents a detailed expla-
nation of each conducted experiment.

3.1.1. Stride Effect

IRSTD suffers from the limited spatial features of tiny ob-
jects. While increasing input resolution or applying super-
resolution can alleviate this issue, such methods [12, 18,
26, 42] often rely on two-stage pipelines that hinder real-
time applicability. Motivated by this, we propose a novel
approach that avoids enlarging the input image and instead
focuses on enlarging the backbone’s feature maps by reduc-
ing the stride in the first CNN block from 2 to 1, thereby
duplicating the produced feature maps throughout the en-
tire model by a factor of two.

(a) Ours (s =1)

(b) Vanilla YOLOvVI2n (s = 2)

Figure 4. Comparison of the feature maps from filter 5 of the first
convolutional layer for the two models, with and without stride
reduction. In (a), fine details are preserved, whereas in (b), the
tiny targets appear blurred out.

Figure 4 visualizes the feature maps obtained from two

models with and without stride reduction. Reducing the
stride preserves critical fine details that are propagated
through the subsequent layers of the backbone network,
whereas a stride of 2 results in the loss of such critical fea-
tures.

3.1.2. Regression Loss via NWD Function

Intersection over Union (IoU) based metrics, such as the
CIoU function [46], are commonly used for bounding box
regression in generic object detection. However, they are
highly sensitive in the context of small target detection,
where even minor positional deviations between predicted
and ground-truth boxes can cause significant drops in IoU.
For example, as shown in Figure 5, the IoU between the
ground-truth bounding box A and predicted boxes B and C
dropped sharply from 0.32 to 0.06 despite only small posi-
tional differences.

Figure 5. A case illustrating CIoU’s sensitivity to small objects.

Following the related literature [17, 41, 47], the NWD
function [35] was adopted to replace the CloU function, as it
addresses the aforementioned issue by modeling bounding
boxes as 2D Gaussian distributions and measuring the sim-
ilarity between them using the Wasserstein distance, mak-
ing it insensitive to differences in object scale and robust
to minimal or no overlap. The 2D Wasserstein distance be-
tween two 2D Gaussian distributions ;4 = N (mq, 37 ) and
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w2 = N(mjy, ¥2) is defined in Equation 1:

1 1
W3 (p1,p2) = [lmy — moff3 + (127 - 33 [F, (D
where ||.|| is the Frobenius norm, m is the mean vector,
and 3 is the covariance matrix. The distance between the 2
Gaussian distributions A, A, modeled by bounding boxes
A = (czq, Yo, Wa, hy) and B = (cxp, cyp, wy, hy) can be
written as Equation 2:

:
4]

W2(Ny, Ny) = H([cza, CYa, 5,

SN @
- [C$b7 CYb, %a %] )H2a
where ¢, and ¢, denote the coordinates of the bounding box
center, and w and h denote its width and height, respec-
tively. Normalizing it exponentially to a range of 0 — 1
gives the NWD [35] function in Equation 3.

) )

where C'is a dataset-dependent constant, treated as a hyper-
parameter and requiring fine-tuning.

W;(Nava)

NW DNy, Np) = exp (— G

3.1.3. Higher Resolution Features & x-Small Head

IRSTD suffers from high false alarm rates, reflected in low
precision. While YOLOvI2n uses multi-scale heads (Ps,
P4, P5) to detect small, medium, and large objects, its re-
liance on heavily downsampled feature maps causes loss
of critical spatial details, making it ineffective for extra-
small infrared targets. The main limitation of existing ar-
chitectures is their exclusion of the shallow Cs feature map,
which, due to its high resolution, is crucial for detecting
weak and tiny targets.

(a) Feature map (a) Feature map
passed to P, head passed to P; head

Figure 6. Comparison of the feature maps passing to P» and Ps.
In (a), the target features are more clearly visible with higher res-
olution compared to (b).

2204

Inspired by prior work [4, 18, 25], we incorporate C,
(shown in pink concatenation sign in Figure 3) alongside
Cs, C4, and C5, modify the neck to produce a P, feature
map, and extend the detection head with Head 2 (shown in
pink head module in Figure 3), dedicated to tiny target de-
tection. Figure 6 illustrates the difference in the resolutions
of the feature maps passed to the P, and Ps heads, respec-
tively. Feature maps extracted from P, head are of higher
resolution and thus of richer meaning.

3.1.4. The Addition of Coordinate Attention (CA) Blocks

In IRSTD, missed detections (false negatives) reduce recall
by failing to identify true targets. To address this, following
the related literature [5, 18, 27], we incorporate Coordinate
Attention [ 14] (CA) on the highest resolution detection head
branch (P, head, shown in pink block in Figure 3), which
enables a network to understand not only what parts of an
image are important but also where they are located. Tradi-
tional attention mechanisms, such as Convolutional Block
Attention Module (CBAM) [36] and Squeeze and Excite
(SE) [15], often emphasize important features while losing
precise positional information due to global pooling over
both spatial dimensions. Coordinate attention [14], on the
other hand, addresses this limitation by decomposing spa-
tial pooling into two one-dimensional operations: one along
the horizontal direction and the other along the vertical di-
rection. This allows the network to capture long-range de-
pendencies in one direction while retaining location infor-
mation in the other.

(a) Feature map before CA (b) Feature map after CA

Figure 7. Comparison of the feature maps before and after passing
through three CA blocks. In (a), the tiny target features appear
faded and blurred, whereas (b) shows brighter, more prominent
features resulting from the effect of the 3 CA blocks.

Figure 7 presents a visual comparison of the feature map
P2 before and after applying the three coordinate attention
blocks. The weak target features were enriched and more
focused after applying the CA blocks.

3.1.5. Model Optimization

Real-time IRSTD requires lightweight algorithms that en-
sure fast, accurate performance on resource-constrained



platforms, enabling timely responses in dynamic applica-
tions. The original YOLOv12n model employs three de-
tection heads for small, medium, and large objects, supple-
mented by an additional P, head specifically designed for
extra-small objects. To assess the contribution of each head,
and motivated by the related literature [34, 39], we con-
ducted a trimming experiment by systematically disabling
one head at a time during inference (indicated by flame
icons in Figure 3). On the ITSTD-15k benchmark [50], us-
ing only the P, head not only preserved performance but
also slightly improved it by reducing both error propaga-
tion from other heads and model complexity, as evidenced
by lower FLOPS and fewer parameters. This improvement
arises because the P» head processes the highest-resolution
feature map (C'2), enhanced by three CA blocks before pre-
diction, making it ideally suited for IRSTD. However, on
the NUAA-SIRST benchmark [6], two heads (P and Ps)
were necessary for obtaining the optimal performance due
to the presence of larger-sized objects that head P» failed to
fully detect. To further investigate the errors introduced by
other heads, we replaced the PAN network (fully on ITSTD-
15 benchmark and partially on NUAA-SIRST benchmark to
the production of Ny feature map which is used to produce
P5 head, shown in Figure 3) with an identity matrix dur-
ing inference, effectively eliminating feature aggregation.
The performance remained comparable to using the related
heads but with reduced complexity. This confirms that the
PAN network’s downsampling—necessary to distribute fea-
tures to the unutilized heads degrades performance by po-
tentially discarding critical target features. Consequently,
removing (fully or partially) the PAN network had no ad-
verse effect, which is consistent with our earlier findings on
the drawbacks of downsampling.

4. Experimental Settings

4.1. Benchmark Datasets

We conducted our experiments on five publicly available
datasets with bounding box annotations: two sequence-
based datasets (IRDST [28], and ITSDT-15k [50]) and
three single-frame datasets (NUAA-SIRST [6], NUDT-
SIRST [16], and IRDST-1k [44]). ITSDT-15k [50], de-
rived from the original 87-sequence ITSDT dataset [10],
contains challenging air-to-ground moving vehicle scenes
with occlusion, blurring, and rotation. IRDST includes 85
real and 317 simulated ground-to-air sequences for flying
target detection. For IRDST, we followed the training and
validation splits defined by [3]. The single-frame datasets,
originally annotated at the pixel level, encompass a vari-
ety of complex backgrounds such as clouds, cities, rivers,
roads, seas, and fields. For our experiments, we utilized
the bounding box annotations and dataset splits provided
by [41].
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4.2. Evaluation Metrics

Following the common practice in solving IRSTD by detec-
tion paradigm, we evaluated performance using Precision
(%), Recall (%), F1 score (%), and Average Precision (%)
(e.g., mAP50). In addition, we report the number of model
parameters in millions (M) and the computational cost in
terms of floating point operations (FLOPS) measured in
Giga.

4.3. Implementation Details

Our experiments consist of three parts. First, for multi-
frame benchmarks (IRDST [28] and ITSDT-15k [50]), we
resized input images to 512 x 512 following [3], initialized
YOLOvV12n with COCO [20] weights, and trained for 100
epochs using AdamW [22] with a learning rate of 0.0001
and batch size of 4. This setup was used for experiments
involving stride reduction, replacing CloU [46] with NWD
[35], and adding P» and x-small head modules. For the
CA [14] experiment, we adopted a two-stage training strat-
egy by freezing the backbone and neck, reinitializing the
head with COCO weights, adding CA blocks only to the x-
small head branch, and fine-tuning the added CA and head
parts for 100 epochs. Second, for single-frame benchmarks
(NUAA-SIRST [6], NUDT-SIRST [16]), we used the same
settings except for increasing image resolution to 640 x 640,
following [41], and training for 200 epochs. Finally, we
conducted a cross-dataset validation experiment by combin-
ing NUAA-SIRST and NUDT-SIRST for training and val-
idating on IRDST-1k [44]. Our training experiments were
conducted on a cluster node equipped with a single NVIDIA
A40 GPU with 45 GB of memory, while inference experi-
ments were conducted on a laptop with a single NVIDIA
RTX 3080 Ti GPU. We report results for a single training
trial. Repeating experiments is advised for more reliable
statistical analysis.

5. Quantitative Results

The quantitative results are presented in four parts. First,
we benchmarked TY-RST on two multi-frame datasets
(ITSDT-15k [50] and IRDST [28]), comparing its perfor-
mance against both SIRST and MIRST algorithms. To fur-
ther highlight its effectiveness in diverse real-world sce-
narios, we additionally evaluated it on two single-frame
datasets (NUAA-SIRST [6] and NUDT-SIRST [16]). Over-
all, TY-RST demonstrated clear superiority, outperforming
even spatio-temporal models and achieving SOTA perfor-
mance against 20 different models across four benchmark
datasets. Next, to assess its generalization capability, we
conducted a cross-dataset validation experiment by training
TY-RST on NUAA-SIRST and NUDT-SIRST and evaluat-
ing it on the unseen IRDST-1k benchmark [50]. Finally,
we prepared two ablation studies on the ITSDT-15k bench-



Method Year Venue IRDST (%) ITSDT-15k (%) Params (M) | Flops (G) |
mAPs, 1 3R mAP5, 1 IZh)
Single-frame Methods
HCFNet [40] 2024 ICME - - 57.54 76.20 - -
AGPCNet [45] 2023 IEEE TAES 59.21 77.44 67.27 82.16 14.88 366.15
DNANet [16] 2023 IEEE TIP 63.61 80.11 70.46 84.46 7.20 135.24
RISTD [13] 2022  IEEE GRSL 66.57 82.08 60.47 77.93 3.28 76.28
ISNet [44] 2022 CVPR 59.78 77.58 62.29 79.18 3.49 265.73
RDIAN [28] 2023  IEEE TGRS 59.08 77.16 68.49 82.68 2.74 50.44
UIUNet [38] 2022 IEEE TIP 56.38 75.25 65.15 81.13 53.06 456.70
SANet [48] 2023 ICASSP 64.54 80.49 62.17 78.64 12.04 42.04
MSHNet [21] 2024 CVPR 63.21 79.91 60.82 77.64 6.59 69.59
RPCANet [37] 2024 WACV 56.50 75.73 62.28 79.22 3.21 382.69
Ours 2025 - 89.90 (+23.33) 90.40 (+8.32) 86.80 (+16.34) 83.26 (-1.20) 2.03 (-0.71) 37.40 (-4.64)
Multi-frame Methods
DTUM [19] 2023 IEEE TNNLS 71.48 85.26 67.97 82.79 9.64 128.16
TMP [50] 2024 Expert Syst. Appl. 70.03 83.97 77.73 88.67 16.41 92.85
ST-Trans [32] 2024  IEEE TGRS 70.04 83.91 76.02 87.50 38.13 145.16
SSTNet [3] 2024  IEEE TGRS 71.55 85.11 76.96 88.07 11.95 123.59
Tridos [9] 2024  IEEE TGRS 73.72 86.85 80.41 90.65 14.13 130.72
STC[51] 2025 Image Vis 74.03 86.87 80.71 90.42 10.75 59.58
Ours 2025 - 89.90 (+15.87) 90.40 (+3.53) 86.80 (+6.09) 83.26 (-7.39) 2.03 (-7.61) 37.40 (-22.18)

Table 1. Multi-frame benchmark results. Quantitative comparison of SIRST and MIRST methods on two sequence-based benchmarks
(ITSDT-15k and IRDST). + denotes our model’s gain over the previous top baseline; — denotes its shortfall.

mark for each component’s effect and the best C' value in
the NWD [35] function.

5.1. Multi-Frame Benchmark Results

In comparison with other SOTA algorithms, we primar-
ily focused on learning-based methods due to their ad-
vanced and competitive performance. Since most of the
SOTA SIRST algorithms are segmentation-based, we ob-
tained their detection performance results from Chen et al.
[3] and adopted the same data splits and image resolutions
to ensure a fair comparison. Table 1 summarizes the perfor-
mance of our model compared to 10 SIRST and 6 MIRST
algorithms on the ITSDT-15k and IRDST benchmarks.

For the SIRST algorithms on the ITSDT-15k dataset, our
model achieved the best results with mAP@50 of 86.80%,
16.34% higher than the second-best algorithm, DNANet
[16]. In terms of F} score, our model achieved the second-
best result with a score of 83.26%, which is 1.20 lower than
DNANet’s top score of 84.46%. However, our model is
~3.5 times lighter in terms of the number of parameters
(2.03M compared to 7.2M) and ~3.6 times less complex
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in terms of FLOPs (37.40 GFLOPs compared to 135.24
GFLOPs) compared to DNANet.

For SIRST algorithms on the IRDST dataset, our model
achieved the best results in both mAP@50 and F} score,
outperforming the second-best model (RISTD [13]) by
23.33% and 8.32%, respectively. Regarding model ef-
ficiency, our model also led with 0.71M fewer parame-
ters than the second-lightest model, RDIAN [28], and 4.64
GFLOPS fewer than the second-fastest model, SANet [48].

On the ITSDT-15k benchmark for MIRST algorithms,
our model achieved the best mAP@50 score of 86.80%,
outperforming the next best model, STC [51], by 6.09%. In
terms of F} score, our model scored 7.39% lower than the
top-performing algorithm, Tridos [9]. However, our model
is ~7 times lighter in terms of the number of parameters
(2.03M compared to 14.13M) and runs ~1.6 times faster
(37.40 GFLOPS compared to 59.58 GFLOPS).

On the IRDST benchmark for MIRST algorithms,
our model again achieved the best performance in both
mAP@50 and F3 score, outperforming the next best model
by 15.87% and 3.53%, respectively. Regarding efficiency,



Method Year Venue NUAA-SIRST (%) NUDT-SIRST (%) IRDST-1k (%)
Pre 1 Rec T Fi 1 Pre 1 Rec T Fi 1 Pre 1 Rec T Fi 1
MDvsFA [33] 2018 Remote Sens. 84.5 50.7 59.7 60.8 19.2 26.2 55.0 48.3 475.0
ACLNet [8] 2021 IEEE TGRS 84.8 78.0 81.3 86.8 77.2 81.7 84.3 65.6 73.8
ACM [6] 2021 WACV 76.5 76.2 76.3 73.2 74.5 73.8 67.9 60.5 64.0
ISNet [44] 2022 CVPR 82.0 84.7 83.4 74.2 83.4 78.5 71.8 74.1 72.9
DNANet [16] 2023 IEEE TIP 84.7 83.6 84.1 91.4 88.9 90.1 76.8 72.1 74.4
AGPCNet [45] 2023 IEEE TAES 39.0 81.0 52.7 36.8 68.4 47.9 41.5 47.0 44.1
EFLNet [41] 2024 IEEE TGRS 88.2 85.8 87.0 96.3 93.1 94.7 87.0 81.7 84.3
Ours 2025 - 92.9 (+4.7) 92.1 (+6.3) 92.5 (+5.5) 96.8 (+0.5) 95.8 (+2.7) 96.3 (+1.6) 81.0* (-6.0) 75.2* (-6.5) 78.0* (-6.3)

Table 2. Single-frame benchmark results. Quantitative comparison of SIRST algorithms on three single-frame benchmarks (IRDST-1k,
NUAA-SIRST - using 2 heads P> and Ps -, and NUDT-SIRST). * denotes the Cross-Dataset Validation on IRDST-1k, where the model
was trained on NUAA-SIRST and NUDT-SIRST and tested on IRDST-1k. Color codes match Table 1.

our model set a best result with 7.61M fewer parameters
than the second-lightest model, DTUM [19], and 22.18
GFLOPS fewer than the second-fastest model, STC [51].

Finally, to test our model’s real-time performance capa-
bilities, we ran it on a single NVIDIA RTX 3080 Ti lap-
top GPU. On the ITSDT-15k benchmark, using P, head
only and by removing the entire PAN network, our model
achieved ~123 FPS.

5.2. Single-Frame Benchmark Results

For further validation of our model’s effectiveness, we
benchmarked it on two single-frame datasets (NUAA-
SIRST [6] and NUDT-SIRST [16]), which feature diverse
and complex real-life and synthetic challenges with varied
backgrounds such as sea, buildings, and urban scenes. Since
most of the selected SIRST algorithms in this experiment
are segmentation-based, we used detection performance re-
sults from Yang et al. [41] work and adopted the same data
splits and image resolutions to ensure fair comparison. It is
worth noting that this line of work [41] did not report mAP
results; therefore, we excluded mAP from our evaluation.
Based on Table 2, our model achieved the best results across
three evaluation metrics: precision, recall, and F} score, us-
ing a single P, Head for NUDT-SIRST benchmark, and two
heads (P, and Ps3) for NUAA-SIRST benchmark. Finally,
in terms of the FPS, our model achieved ~105 FPS due to
the utilization of P, and P5 heads, and a portion of the PAN
network.

5.3. Cross-Dataset Validation Results

In this experiment, we aimed to assess the generalization
capability of our model on an unseen dataset. We carefully
chose to train our model on the NUAA-SIRST and NUDT-
SIRST datasets and evaluate it on the unseen IRDST-1k
dataset [50], as the background characteristics of the train-
ing datasets closely resemble those of the validation set.

In other words, all three datasets share similarly challeng-
ing scenarios with complex backgrounds, including clouds,
sea, buildings, and fields. However, the specific instance
images differ, ensuring that this experiment evaluates the
model’s ability to generalize to new data from a similar dis-
tribution. The results are presented in Table 2, where our
model is marked with * to indicate cross-dataset validation
on IRDST-1k. Our model demonstrated strong generaliza-
tion capability, ranking second in terms of F} score and Re-
call, and third in Precision, outperforming up to six algo-
rithms that were trained on the IRDST-1k benchmark.

5.4. Ablation Study

The ablation study in this work consists of three main parts.
First, we conduct a detailed analysis of the impact of each
experiment performed on the baseline YOLOv12n model to
arrive at the final version of our proposed TY-RIST model.
Second, we present a tuning study of the C' parameter
embedded in the NWD regression loss function. Finally,
we present a case study that replicates the experiments on
YOLOv12s [31].

5.4.1. Impact of Each Component

To highlight the impact of each of the six experiments on
our model’s performance, we conducted a comprehensive
ablation study on the ITSDT-15k benchmark presented in
the upper part of Table 3. The first experiment involved
evaluating the vanilla YOLOv12n model on the ITSDT-15k
benchmark, achieving a mAP@50 of 78.9%, which indi-
cates the strong baseline performance of the chosen model.
Reducing the stride improved mAP@50 by 5.2%, indicat-
ing the extraction of higher-quality features and thus solving
the minimal feature challenge, but resulted in an additional
computational cost of 19 GFLOPS. Replacing CloU with
the NWD function boosted mAP@50 by 1% due to solving
the instability challenge in the CloU function, without in-
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Model Trimming

YOLOvI2n Stride NWD C,+P,Head Coord. Attn. (%)mAPs) T (%) Pret (%)Rect  (%)FiT  Params(M)| FLOPS (G)
- P3P,Ps -PAN
v X x X X X X 78.9 85.0 68.8 76.05 2.56 6.3
v v x X X X X 84.1 86.9 75.8 80.97 2.56 253
v v v X X X X 85.1 853 79.7 82.40 2.56 253
v v v v X X X 86.3 88.4 785 83.16 272 50.0
v v v v v X X 86.5 87.6 79.2 83.19 273 50.2
v v v v v v X 86.8 88.0 79.0 83.26 273 434
v v v v v v v 86.8 (+7.9)  88.0 (+3.0) 79 (+10.2) 83.26 (+7.21)  2.03 (-0.53)  37.40 (+31.1)
v v v v v v v 922 832 87.47 2,03 37.40
v v v v v P,P; - Partial PAN 92,9 92.1 92.5 2.10 40.30

Table 3. Ablation Study performed on ITSDT-15k Benchmark (upper part) and NUAA-SIRST Benchmark (lower part). + denotes our
model’s gain over the baseline YOLOv12n model; — denotes its shortfall.

creasing computational cost. Adding the higher resolution
feature map C5 and its corresponding detection head P; fur-
ther boosted the Precision by 3.1%, thus reducing the false
alarm rate, but ~doubled the GFLOPS. Integrating the CA
blocks on the P, head resulted in a 0.7% increase in Re-
call, thus reducing the missed detection rate, but resulted
in a minimal 0.2 GFLOPS increase in computational cost.
Removing the P;, P4, and P; detection heads improved
mAP@50 by 0.3% and, more importantly, reduced compu-
tational cost by 6.8 GFLOPS, while deactivating the PAN
network maintains performance while reducing the num-
ber of parameters by 0.53M and GFLOPS by 6. Overall,
the model trimming experiment reduced the GFLOPS by
~25.5% and the number of parameters by ~25.6%. In the
lower part of Table 3, the ablation study on the number
of heads used for the NUAA-SIRST dataset is presented.
Adding extra head and parts of the PAN network increased
the number of parameters by 0.07M and GFLOPS by 2.9.
In addition, the introduction of the second head improved
the recall by 8.9% and precision by 0.7%.

5.4.2. Fine-tuning the C Parameter in NWD

As mentioned earlier in Section 4.2, the NWD function in-
cludes a tunable, per-dataset parameter C. Table 4 sum-
marizes the ablation study conducted to select the optimal
value of C' from the set {9,11,13,15,17} for the ITSDT-
15k benchmark, with 17 identified as the best-performing
value. These tested values were inspired by the work of
[41]. A critical observation from this study is that some val-
ues of C' may lead to a performance drop compared to the
vanilla CloU loss function.

5.4.3. Replicating Experiments on YOLOv12s

Table 5 summarizes the replicated experiments on
YOLOV12s [31], further demonstrating their generalizabil-
ity across different YOLO models.
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C (%) mAPsy T (%) Pret (%) Rect (%) Fy 1
baseline+Stride 84.1 86.9 75.8 80.97
9 84.5 83.3 77.6 80.35
11 84.4 84.5 76.3 80.19
13 84.1 83.1 78.4 80.68
15 83.4 81.6 77.1 79.29
17 85.1 (+1.0) 853 (-1.6) 79.7 (+3.9) 82.40 (+1.43)
Table 4. Ablation Study on NWD with Different C Values. +
denotes our model’s gain over the baseline + stride model; —
denotes its shortfall.
Experiment Details (%) mAPsy 1 (%) Fy 1 Params (M) | FLOPS (G) |
YOLOvI2s [31] 81.80 76.87 9.23 21.20
+ Stride Exp. 85.40 79.89 9.23 84.8
+NWD Exp. (C=15) 86.10 81.23 9.23 84.8
+ P2 Head Exp. 86.60 83.83 9.69 143.10
+CA Exp. (3 block) 87.60 84.00 9.70 14330
+P, Head Only - PAN Exp.  87.81 (+6.01)  84.24 (+7.37)  6.92(-278)  131.50 (+110.30)

Table 5. Replicating the Experiments on YOLOv12s on ITSDT-
15k Benchmark. + denotes our model’s gain over the baseline
YOLOv12s model; — denotes its shortfall.

6. Conclusion

This work proposes TY-RIST, an efficient real-time in-
frared small target detection algorithm based on the latest
YOLO family member, YOLOv12n. With a series of exper-
iments, TY-RIST achieved SOTA against 20 different mod-
els. Nonetheless, there remains room for improvement, par-
ticularly in further reducing false alarms and missed detec-
tions by integrating temporal features and effectively fus-
ing them with spatial features—an area reserved for future
work.
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