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Figure 1. As thermal conditions drift, our appearance-guided router activates a small, specialized subset of experts, yielding more true

detections and fewer false positives compared to single models or ensembles.

Abstract

Thermal object detection must remain reliable as object and
background appearance drifts across time of day, weather,
and season. We tackle this challenge with an appearance-
guided Mixture of Experts (MoE) that learns to route
each image to a subset of specialized backbones. A self-
supervised appearance encoder produces embeddings that
drive a lightweight router; experts are pretrained on clus-
ters of these embeddings to encourage specialization, and
all experts share a single detection head to avoid the linear
growth in parameters typical of ensembles. At inference,
we adopt a tuning-free, compute-aware policy that activates
the fewest experts whose cumulative routing probability ex-
ceeds a fixed threshold. Training is stabilized with com-
plementary batch- and sample-level load-balancing losses
that prevent expert collapse and promote diverse routing.
On LTDv?2 (natural long-term drift) and FLIR ADAS (sim-
ulated drift), our MoE achieves the highest peak accuracy
and superior month-to-month ranking consistency, demon-
strating that appearance-guided routing provides more re-
liable performance across diverse thermal conditions than
monolithic scaling. The result is a practical and scalable
detector that remains accurate under distribution shift and
adapts its compute at test time. Code available at: https :
//github.com/AndreasAakerberqg/agme

1. Introduction

In the deep learning literature, a single end-to-end neural
network is typically trained to generalize from training to
unseen test data. Yet, in real-world deployments, data dis-
tributions often shift over time, leading to degraded perfor-
mance [29]. This phenomenon is referred to as data drift
when the input distribution p(X) changes, or concept drift
when the relationship between input and output p(y|X)
shifts. Addressing drift is essential in safety-critical ap-
plications such as surveillance, where missed detections or
false alarms can have serious consequences.

Thermal imaging [22] is widely used in surveillance and
urban monitoring due to its robustness to low-light condi-
tions and its inherent ability to preserve privacy [14]. How-
ever, unlike RGB images, thermal images lack fine tex-
ture and structural details, which pushes models to rely
more heavily on shape cues and temperature contrasts be-
tween objects and their backgrounds. Furthermore, these
contrasts are unstable, because thermal appearance varies
with time of day, ambient temperature, solar radiation, and
weather conditions [23]. For example, an object that ap-
pears hot against a cool morning backdrop may become in-
distinguishable from a sun-warmed surface later in the day,
as seen in Fig. 1. Seasonal changes, such as the transition
from winter to summer, further compound this variability.
Moreover, because most publicly deployed thermal cameras
for monitoring are relative (non-radiometric), their frequent
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auto-calibration amplifies fluctuations in image appearance.
Consequently, thermal object detection represents a prime
setting where models must be able to handle drift in order
to maintain robust performance.

Recent studies highlight this complex relationship be-
tween thermal image appearance, environmental factors,
and detector accuracy [18, 19]. While weather variables,
such as temperature and humidity, correlate with detector
performance in large-scale thermal datasets [24] (and based
on the data seen in Tab. 1, where a linear combination
achieves a Pearson correlation coefficient of » = 0.735 with
monthly mAP@.5:.95 (eight monthly points, Jan—Aug)),
prior attempts to incorporate weather metadata directly into
detectors have shown limited success [19]. A key reason
is likely the thermal inertia of natural materials: for in-
stance, a brick wall may remain warm long after sunset, de-
coupling the thermal scene from current weather measure-
ments. Consequently, relying solely on metadata is unlikely
to yield more robust detections.

Jan Feb Mar Apr May Jun Jul Aug

Moisture (%) 913 854 836 668 741 732 806 784
Sun (Hours) 48.0 975 1459 2656 2851 2563 1845 239.6
Avg. Temp (°C) 4.1 -0.1 3.7 53 9.4 16.3 14.2 173

YOLOv8-m (mAP@.5:.95) 0.394 0.325 0.307 0291 0276 0.374 0372 0.367

Table 1. Monthly weather and baseline detector performance
on LTDv2 [24]. The baseline’s mAP@.5:.95 co-varies with sea-
sonal conditions, highlighting the need to handle appearance drift.
Weather from [1]; detector from [17].

A natural response is to increase the model capacity or
ensemble multiple detectors [10]. Unfortunately, this does
not guarantee stability under drift, e.g. CNNs have been
shown to outperform larger Transformer models on ther-
mal datasets [19], and ensembles incur linear inference cost
[10]. Instead, we argue that robustness requires models that
can adapt to domain variability and drift. To this end, we
explore Mixture of Experts (MoE) architectures [30]. MoE
splits a task across multiple specialized expert models, with
a gating network that routes each input to the most rele-
vant expert. Unlike traditional ensembles that aggregate all
models’ outputs, MoE leverages sparse activation, engag-
ing only a subset of experts per input. This paradigm has
recently enabled the scaling of large language models to tril-
lions of parameters without proportional inference costs, as
the router implicitly learns to partition the input distribution.

However, our motivation extends beyond scaling. We
propose MoE as a mechanism to decouple expert special-
ization from the detection head. By routing based on self-
supervised appearance embeddings rather than class logits,
we force experts to specialize in environmental domains to
improve robustness in thermal object detection under data
drift. Specifically, we introduce an MoE model in which
an encoder produces appearance-based embeddings to sup-
port routing, encouraging experts to specialize in domain-

specific features. By explicitly linking routing to image

appearance, our approach enables more resilient detection

under varying environmental conditions. Furthermore, at
inference time, we activate the fewest experts whose cumu-

lative routing mass exceeds a fixed threshold, providing a

simple, tuning-free accuracy—compute trade-off. The main

contributions of this paper are:

* Self-supervised appearance encoder: A lightweight
contrastive encoder learns image-level appearance em-
beddings tailored to thermal imagery.

* Appearance drift analysis: We show that compact,
self-supervised appearance embeddings align with sea-
sonal/environmental factors and explain month-to-month
performance variation in thermal detection, providing a
principled basis for routing and expert specialization.

» Appearance-guided MoE detector: A learned router
operates on appearance embeddings to select a subset
of experts sharing a single detection head. Adaptive se-
lection of experts at inference enables dynamic compute
allocation, achieving higher peak accuracy than larger
monolithic models while maintaining lower inference
cost on simpler examples.

* Robustness under drift: On LTDv2 (natural long-term
drift) and FLIR ADAS (simulated drift), our approach
outperforms strong baselines and ensembles and achieves
superior monthly rank-consistency.

2. Related Work

The mixture of experts (MoE) paradigm [6, 20, 30] has
gained significant attention in recent years, particularly
within large language models, for its ability to scale ca-
pacity without increasing inference cost. A MoE model
consists of a pool of expert sub-networks, of which only a
subset is activated per input through a learned gating mech-
anism. To prevent expert collapse and maintain balanced
utilization, auxiliary load-balancing losses are commonly
used, although MoE training remains challenging.

In computer vision, early research in MoE approaches
[11] focused on much smaller architectures than today’s
large MoE-based LLMs [9]. DeepMOoE [28] applied con-
ditional computation at the level of convolutional channels
or kernels, activating parameters adaptively per instance.
Other shallow MoE designs combined CNN experts with
a router, trained either separately or jointly [3, 15], some-
times incorporating cost-aware routing [2]. In [4] a router
is used to select, and add new experts as tasks change, as an
attempt to lifelong learning without catastrophic forgetting.
More recently, V-MoE [25] extended sparse expert activa-
tion to Vision Transformers, achieving competitive results
with dense baselines.

At large scales, models such as the Sparsely Gated
MOoE [26] and Switch Transformer [12] demonstrated the
effectiveness of conditional routing for efficient scaling.
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Figure 2. MoE architecture overview. Each input image is first mapped into an embedding by the appearance encoder, which drives
the gating network to produce expert probabilities. A subset of experts is then selected (either fixed K or adaptively chosen), and their
multi-scale features are fused into a weighted representation before passing through the shared detection head.

Subsequent work proposed alternative balancing strategies,
including optimal transport formulations [21] and stochas-
tic expert activation [31]. The study most closely related
to ours is DriftMoE [5], which addresses concept drift in
tabular data streams by using Hoeffding trees as experts.
However, its design is inherently incompatible with high-
dimensional visual inputs, making direct comparison inap-
plicable to object detection.

Overall, existing MoE research has focused primarily on
efficiency and scaling. In contrast, robustness under drift
in vision tasks remains mostly underexplored. To this end,
we introduce a MoE-based model tailored to thermal image
object detection, where significant drift occurs due to en-
vironmental changes. Our approach emphasizes robustness
and consistency under shifting conditions, while retaining
the efficiency benefits of sparse expert activation. Unlike V-
MoE and Switch/DeepMOoE, primarily motivated by scaling
efficiency, our design targets robustness under drift in ther-
mal detection by coupling routing to learned appearance.

3. Method

Our proposed method differs from ensembles, and generic
MokEs in three ways: (i) we route to experts using learned
appearance embeddings rather than raw pixels or class log-
its; (ii) we pre-train experts for specialization by clustering
appearance embeddings (PCA—KMeans) and training on
nearest samples; and (iii) we share a single detection head
across experts, decoupling capacity from output-layer cost.

To illustrate our design, Fig. 2 provides a schematic
overview of our proposed MoE architecture, and in the
following, we explain each component in detail.

Appearance Representation Learning. To model the
appearance of thermal images in a self-supervised man-
ner, we follow MoCo-v2 [8] with a momentum queue

and L2-normalized embeddings; we use a two-layer MLP
projection head as in [7, 8]. Our encoder Enc is a
six-layer CNN with 3x3 convolutions, batch normaliza-
tion, and LeakyReLU activations, with occasional stride-
2 layers for downsampling. This encoder has approx-
imately 1.3M learnable parameters. FEach thermal im-
age is randomly cropped twice, yielding paired patches
{(p?, p})} £ ,, where crops from the same image form pos-
itives and crops from different images form negatives. The
crops are embedded by E'nc(-) and projected through a two-
layer MLP projection head (removed at test time) follow-
ing [7, 8]. We L2-normalize all embeddings so the dot
product equals cosine similarity. Let N_ denote the num-
ber of negatives drawn from the momentum queue and/or
in-batch. We adopt the standard InfoNCE:

exp({g, k+)/t)

exp((g, k1) /t) + X155 exp((q, k;>/3 )
where ¢ = Enc(p?), ky = Enc(p'), {k; }.; are neg-
atives from a momentum queue (and/or in-batch), (,-)
is the dot product (equal to cosine similarity due to L2-
normalization), and ¢ is the temperature. The loss is aver-
aged over the B pairs in a mini-batch. This objective pulls
together embeddings of patches with identical thermal char-
acteristics while pushing apart those from different images.

In Sec. 4, we demonstrate that our appearance encoder
learns meaningful representations that are beneficial for the
subsequent routing.

Lintonce = — log

Expert Backbones with Shared Detection Head. Our
MOoE architecture consists of E expert backbones {f;}%,
and a single shared detection head H. Given an image x,
expert j produces multi-scale features f;(x). We fuse the
selected experts’ features into a weighted sum h and feed
h to H. Sharing H avoids scaling head parameters with F/



while still enabling expert specialization. In this work, we
experiment with YOLOvS8-m style expert backbones and a
YOLOVS detection head, but the routing and head-sharing
mechanism is model-agnostic.

Routing (Gating) Mechanism. To dynamically select the
most suitable expert(s) for a given input image, a trainable
router R (4-layer MLP, ~ 0.52M parameters) maps the ap-
pearance embedding r = Enc(z) € R? to logits z € RF.
Softmax then yields expert-selection probabilities:

_ exp(z;)
p(lr) = =g

o1 exp(ze)
For a fixed number of active experts K, let S =

TopK (p, K) C {1, ..., E} denote the indices of the top-K
experts (by probability). We renormalize over S via

j=1,...,E.

. p(jlr) .
p; = =————+— forjes
T Yiesplilr)
and fuse expert features as
h = 5 fi(x), 3§ = Hh).
JjES
When K = 1, the router assigns each image to a single

expert; for K > 1, it forms a sparse weighted mix-
ture. Gradients flow through the probabilities p(j|r);
the TopK selection S is treated as a non-differentiable
set operation. While differentiable routing alternatives
such as Gumbel-Softmax could in principle be applied, we
found the simpler hard Top-K strategy sufficient in practice.

Adaptive Number of Experts at Inference. At inference
time we also experiment with adaptively choosing K. Let
J(1)>J(2), - - - be expert indices sorted by p(j | r) in descend-
ing order. We pick the smallest K such that the cumulative
mass exceeds a threshold 7 € (0, 1]:

K = min{k: idi(i)’r) = T}’
=1

S = {jqy > du)

We then renormalize over S and proceed as described
above. This strategy can preserve nearly all routing
confidence while avoiding unnecessary activation of low-
probability experts. In all experiments, we set 7 = 0.90
without additional tuning. For completeness, Tab. 6 reports
an ablation over alternative thresholds.

3.1. Training Procedure

We first pre-train the encoder network on the respective
training datasets. To encourage diversity across experts,

we pre-train each expert on a subset of the training data.
We obtain the subsets by performing K-means on the en-
coder’s 10-D PCA embeddings, and set the number of clus-
ters equal to the number of experts (e.g., 3 or 5), and for
each cluster pre-train the corresponding expert on the 1,000
images nearest to its centroid, which we found to provide
a good balance between diversity and specialization in pre-
liminary experiments. Next, we freeze the experts and train
the router together with the detection head, initializing the
head by averaging the weights obtained from the expert pre-
training runs. Finally, we unfreeze the experts and train the
router + experts + detection head end-to-end, while keeping
the appearance encoder frozen.

Because sparsely activated MoEs are prone to load
imbalance and expert collapse, we add two complementary
router regularizers: a global loss that promotes uniform
expert usage across the batch, and a local top-K loss that
spreads probability mass among the selected experts.

Batch-level Load Balancing Loss. Let p; = & Zszl Db,
denote the average expert usage in a batch, and let u; =
1/E be the uniform target. Here p; ; denotes the pre-TopK
softmax probabilities. We minimize

E
ws
Lyowa = KL(u|[p) = Y u;log ]777
j=1 J

which strongly penalizes collapsed experts (p; — 0) ;
since u; = 1/F, minimizing Lgopa is equivalent (up to an
additive constant) to minimizing — }; log p;.

Top-K Sample-level Balancing Loss. For each sample b,
let S, be the index set of the selected experts (either | Sp|=K
in the fixed setting or |\S,|=Kj, adaptively), and let pj ; be
the renormalized probabilities over .S,. We minimize

B
1 1
Llocal = _*Z o Z logﬁ;)’j.
B 15

JESy

This equals the cross-entropy to the uniform distribution
over S, and is computed on the TopK-renormalized
probabilities pj ;j, which encourages balanced probability
mass among the chosen experts. Together, Lgioha1 and
L10ca1 mitigate both global under-utilization of experts and
per-sample collapse onto a single expert.

Implementation Details. Our MoE uses YOLOv8-m back-
bones with a shared YOLOVS head. Input sizes 384 x 384
(LTDv2) and 512 x 512 pixels (FLIR ADAS), Adam op-
timizer (5,=0.937, 52=0.999), batch size 32, learning
rate 1073, weight decay 5x 1073, and augmentations (flip,
410% translation, +=25% scale) are used to train both our,
and the compared methods. All training is done on single
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Figure 3. LTDv2 [24] exemplar images from the key principal components of the learned appearance embedding space.

A100 GPUs. The encoder is pre-trained for 100 epochs annotated for cars, persons, bicycles, and dogs. Since the
with 192x192 pixel patches and a queue of 65,536 neg- FLIR ADAS dataset does not include significant drift, we
atives, and ¢ = 0.007 to output an appearance vector of simulate it by randomly applying one of the following
dim. d = 256. Experts are pre-trained for 20 epochs, the degradations to each frame: JPEG compression (quality
router and head for 1 epoch, and the full MoE model for = [10,50]), Gaussian noise (¢ = [10,25]), or leaving the
200 epochs. For LTDv2, we subsample 25% per epoch to image unchanged, each with equal probability. For both
reduce overfitting, similar to [18]. We weight the global and datasets, we adhere to the train and validation splits defined
local router losses by 10.0 and 0.1, respectively, in addition by the authors (test sets are non-public for both datasets).

to the standard YOLOvVS detection losses (cls (0.5), bbox

(7.5), DFL (1.5)). Baselines. We compare our MoE detector against strong

. single-model baselines, YOLOv8-m/1 [17], and YOLOv11-
4. Experiments m/1 [16], as well as ensembles of these models. We consider
(i) learned feature-level ensembles, where all backbones
are activated uniformly (i.e., without routing) for every
input and a shared detection head merges their combined
features, and (ii) test-time ensembles, where predictions

Datasets and Setup. While RGB detectors can leverage
massive datasets such as ImageNet and COCO to train
powerful pretrained backbones, thermal datasets are

typically smaller and often limited to single sessions or . ; ) .
seasons. This restricts both the model’s ability to learn from multiple default models are combined using Weighted

. : . Box Fusion (WBF) [27]. In all ensembles, each backbone
robust, generalizable features and the evaluation of its L Ll . .
robustness to changes in environmental conditions. To is initialized with different weights to promote diversity.

study long-term robustness, we use the LTDv2 dataset [24],

the only suitable large-scale thermal drift dataset currently Appearance Embeddings. We first seek to determine if
available. LTDv2 was collected from the same scene over the appearance embeddings produced by the encoder net-
nine months (Jan.-Sep.) and contains 1.06 million thermal work capture information that correlates with appearance
frames with annotations for persons, bicycles, motorcycles, changes in the thermal images, and potentially also with
and vehicles. To further investigate generalization to detection performance. To simplify this, we reduce the di-
other datasets, we also conduct experiments on the FLIR mensionality of the embeddings from 256 to 25 using PCA,

ADAS dataset [13], which contains 10,228 thermal images which explains 95.4% of the variance.



First, we explore the principal axes of the reduced em-
bedding space by retrieving exemplar images at varying
distances along each principal component. Specifically, let
e= % Zf\; e; denote the global mean embedding and let
v, be the kth principal component with corresponding stan-
dard deviation oy, in the PCA-projected data. We then form
three synthetic embeddings: €, and € + 3 oy, vi.

For each synthetic point, we compute the cosine similar-
ity between that point and all real image embeddings, and
select the image whose embedding maximizes this similar-
ity. Figure 3 shows examples at =30, and the extremes,
along different principal axes. As seen, the appearance em-
beddings encode distinct characteristics such as blur level,
object/background separation, and global contrast.

To assess potential relationships between the appear-
ance embeddings and the monthly detector performance
(YOLOv8-m), we aggregate the embeddings per month
and plot the first three principal components alongside the
monthly mAP on LTDv2 [24] in Fig. 5. We observe that,
dimO and 2 are negatively correlated with the monthly mAP,
while dim-1 is positively correlated. This pattern suggests
that a linear combination (dim1 — (dim0 + dim2)) of these
principal axes could serve as a proxy for distinguishing be-
tween “easy” and “difficult” appearance conditions in the
thermal images.

Jan Feb Mar Apr May Jun Jul Aug

Figure 5. Top 3 embeddings vs. mAP@.5:.95 on LTDv2 [24].

Clustering and Specialization. We perform simple clus-
tering of the embeddings by K-means to determine the pos-
sible number of experts needed to specialize to the different
appearance conditions in the thermal images. While silhou-
ette analysis indicates k£ = 3, we empirically find a larger
k reveals additional sub-distributions in the dataset. Fig. 0,
visualizes examples of different cluster center images. We
observe that cluster 1 contains images where the image is
bright and with low clarity, which is distinct from cluster 6
images, which are detailed and contrast-rich. Cluster 4 im-
ages show pronounced object/background separation, while
cluster 8 contains images that appear to be corrupted by
pixellation.

To investigate the relationship between cluster composi-
tion and detector performance, we plot in Fig. 7 the propor-
tion of samples belonging to each cluster for every month,
and we quantify the overall embedding diversity by comput-
ing the z-score of each month’s mean embedding variance
relative to the eight-month mean. Notably, January is dom-

inated by clusters 3 and 4 and exhibits a z-score close to 0
(indicating appearance similar to the yearly mean), whereas
May shows an almost uniform cluster distribution and the
highest z-score (1.92), i.e., maximal variety of appearances.
Since the YOLOvS8-m baseline detector achieves its high-
est mAP in January (0.394) and its lowest in May (0.276),
these results suggest that increased diversity captured in the
appearance embeddings corresponds to lower detection per-
formance, likely because the single model must generalize
over a broader range of visual conditions. These embedding
analyses support the design of our MoE detector: differ-
ent experts can specialize to distinct appearance conditions
identified in the embedding space, while the router can dy-
namically select the appropriate subset.

M

C6 (June)

C1 (June) C8 (January)

C4 (March)

Figure 6. Center images from different clusters in LTDv2[24]. The
month of acquisition is indicated in parentheses.
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Figure 7. Dist. of cluster density, and z-score per month on LTDv2
[24]. Bar order corresponds to the cluster num. i.e. blue=cluster 1.

Object Detection Performance. Table 2 reports accu-
racy and temporal stability on LTDv2 and generalization
on FLIR ADAS. We summarize mAP@.5:.95, mAP@.5,
Precision, Recall, and month-to-month variability (by co-
efficient of variation (CV), o, and range) to assess robust-
ness under natural drift. Tab. 3 shows per-month rank for
each method, while Fig. 4 provides qualitative detection
results. To characterize the accuracy—efficiency trade-off,
Tab. 4 lists parameter count, GFLOPs, and two efficiency
scores (MAP@.5:.95/GFLOP and mAP@.5:.95 per million
parameters) computed from LTDv2. Finally, Tab. 5 ablates
the total experts E and active experts K, while Tab. 6 gives
insights on the adaptive- K threshold 7.

5. Discussion

Performance vs. strong baselines. Table 2 shows
that our appearance-guided MoE attains the best re-
sults on LTDv2 [24]. Notably, our 3-expert adaptive
model (MAP@.5:.95=0.3508) surpasses both the compact
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Figure 4. Qualitative results on LTDv2 [24]. Our appearance-guided router activates specialized experts, yielding more correct detections
at higher confidence and fewer false positives than the YOLOv8-m baseline.

LTDv2

FLIR ADAS

Method

mAP@.5:.95T mAP@.57 Precision T Recall T CV(%) ] o] Range] mAP@.5:.951 mAP@.57 Precision 1 Recall 1

Baseline, YOLOv8-m 0.6702 0.4190 0.4936  0.3851
Baseline, YOLOvS-1 0.3452 0.5645 0.6779  0.5725 18.8674 0.0678 0.2060 0.4347 0.5123

Baseline, YOLOvII-m 0.6657  0.5513 20.3381 0.0724 0.2275 0.2251

Baseline, YOLOv11-1 0.3369 0.5530 0.6673 20.2093 0.0725 0.2263 0.5253

WBF Ensemble, YOLOvS-m+1 0.3414 0.5598 0.5822 17.2900 0.0610 0.1845 0.2250 0.4399 0.4989  0.4203
WBF Ensemble, YOLOvI1-m+l 0.3365 0.5516 0.6650  0.5699 17.2653 0.0608 0.1920 0.2318 0.4242 0.3987
WBF Ensemble, YOLOvS-1+v11-1 0.3420 0.5609 0.6582  0.5788 19.9046 0.0717 0.2259 0.2211 0.4228 0.4293
WBF Ensemble, All baselines 0.3397 0.5619 0.5845 18.1679 0.0652 0.2021 0.2294 0.4388 04814 04118
Feat. Ensemble, v8-m, b=2 0.3382 0.5588 0.6854 | 0.5576 0.2407 0.4736 0.7699  0.4369
Feat. Ensemble, v8-m, b=3 0.3499 0.5722 0.6907  0.5829 16.5080 0.0595 0.1870 0.2375 0.4531 0.5467  0.4043
Feat. Ensemble, v8-m, b=4 0.3489 0.5694 0.6884  0.5634 18.9261 0.0691 0.2094 0.2443 0.4729 0.5185  0.4342
Feat. Ensemble, v8-m, b=5 0.3491 0.5648 0.5584 0.2287 0.2431 0.4786 0.4209
Ours, v8-m, e=3, k=2 0.3491 0.6897 15.6972 0.0569 0.1782 0.2427 0.4744 0.5302 0.4283
Ours, v8-m, e=3, k=adaptive 0.3508 0.5800 0.6882 0.4311
Ours, v8-m, e=5, k=3 0.5810 0.6964  0.5828

Ours, v8-m, e=5, k=adaptive

0.5869 16.2884 0.0601 0.1890 0.2455 0.5336
150348 00548 01617 04746 05136
18.4678 0.0699 0.2171 0.5525

Table 2. Evaluation on LTDv2 [24] (left) and FLIR ADAS [13] (right). b, e, k denote the number of base models in the ensemble,
total experts, and active experts in the MoE, respectively. For LTDv2, CV(%) denotes the coefficient of variation, and ¢ the std. dev. of
mAP@.5:.95 across all months. Note: While YOLOvS8-m show lower CV due to consistently lower performance, our MoE achieves the

highest peak performance and ranking stability (see Table 3).

Method Jan Feb Mar Apr May Jun Jul Aug Mean
Baseline, YOLOv8-m [16 16" 12 (161 11 14

Baseline, YOLOvS-1 8 7 14 14 9 12 7 9.00

Baseline, YOLOvII-m 5 14 11 - 8 14 12.25
Baseline, YOLOvII-1 4 9 7 13 10 10.38
WBF Ensemble, YOLOv8-m+I  [15| 8 [H6N 12 12 1150
WBF Ensemble, YOLOvII-m+I 12 10 10 11 13 12.12
WBF Ensemble, YOLOvS-I+v11-1| 6 2 15" 10 11 8.88

WBF Ensemble, All baselines 10 4 13 8 13 4 8 8 850

Feat. Ensemble, v8-m, b=2 - 1 6 7 10 10 9 - 8.75

Feat. Ensemble, v8-m, b=3 1 3 8 4 7 6 7 10 7.00

Feat. Ensemble, v8-m, b=4 7 12 9 6 4 8 5 5 700

Feat. Ensemble, v8-m, b=5 3715 5 9 5 7 402625

Ours, v8-m, e=3, k=2 13 13 4 6 13 6 6 788

Ours, v8-m, e=3, k=adaptive 9 6 3 1172 3 463

Ours, v8-m, e=5, k=3 14 5 3 5 9 3 4 562

Ours, v8-m, e=5, k=adaptive _ 3 5 --

Table 3. Per-month rank on LTDv2 [24] (1 = best mnAP@.5:.95).

YOLOV8-m (0.3319) and the substantially larger YOLOVS-
1 (0.3452) and YOLOv11-1 (0.3369), indicating that simply
scaling capacity is not sufficient under seasonal drift.
Instead, conditional computation with specialized experts
delivers superior returns. Moreover, while ensembling
improves over single detectors, our 5-expert adaptive MoE

Model Params (M) GFLOPs mAP/GFLOP  mAP/Mparam
Baseline, YOLOVS-m 259 28.4 0.0117 0.0128
Baseline, YOLOVS-I 43.7 59.4 0.0058 0.0079
Baseline, YOLOvII-m 20.1 22.0 0.0150 0.0164
Baseline, YOLOvI11-1 253 40.7 0.0083 0.0133
WBF Ensemble, YOLOvS-m+1 69.6 87.8 0.0049 0.0039
WBF Ensemble, YOLOvI1-m+1 454 62.7 0.0054 0.0074
WBF Ensemble, YOLOvS-I+v11-1 69.0 100.1 0.0034 0.0050
WBF Ensemble, All baselines 115 150.5 0.0023 0.0030
Feat. Ensemble, v8-m, b=2 48.0 50.9 0.0066 0.0070
Feat. Ensemble, v8-m, b=3 70.1 73.5 0.0048 0.0050
Feat. Ensemble, v8-m, b=4 92.1 96.1 0.0036 0.0038
Feat. Ensemble, v8-m, b=5 114.0 118.6 0.0029 0.0031
Ours, v8-m, e=3, k=2 49.8 94.6 0.0037 0.0070
Ours, v8-m, e=3, k=adaptive 2777-71.9  72.0-117.1  0.0030-0.0049  0.0049-0.0127
Ours, v8-m, e=5, k=3 71.9 117.1 0.0030 0.0049

Ours, v8-m, e=5, k=adaptive 27.7-116.0  72.0-162.3  0.0022-0.0050  0.0031-0.0129

Table 4. Comparison of model complexity and efficiency. Params
are in millions (M). GFLOPs are measured for a 384 x 384 single-
channel input. Efficiency is reported using LTDv2 results from
Tab. 2. For adaptive MoEs, ranges reflect the min/max cost de-
pending on the number of experts activated.

(mAP@.5:.95=0.3592) outperforms even the strongest
feature-level ensemble tested (b=3, mAP@.5:.95=0.3499).

Reliability and Rank Consistency. Regarding temporal
robustness, we argue that standard variance metrics must
be interpreted with care. The baseline YOLOvS8-m exhibits



Active Experts K Total Experts E

2 3 5 8
1 0.3425 0.3452  0.3501 0.3489
2 0.3416  0.3495 0.3447 0.3460
3 - 0.3436  0.3538 0.3481

Table 5. Ablation on the total and active number of experts. En-
tries are mAP@.5:.95 performance on the LTDv2 dataset [24].

7=03 71=05 7=0.7 71=0.9
mAP@.5:95 0.3231 0.3372 0.3487 0.3592

Table 6. Ablation on the cumulative—mass threshold 7 for
adaptive-K (LTDv2).

the lowest coefficient of variation (CV) (13.0%) primarily
because it remains consistently lower-performing across all
months. In contrast, our MoE significantly raises the per-
formance floor in the most challenging conditions (summer
months), ensuring high reliability despite the natural fluctu-
ation of thermal difficulty.

Rank captures this robustness more faithfully. As
shown in Table 3, our 5-expert adaptive MoE achieves
the best mean rank (1.75) and ranks first in most months
on LTDv2 (6/8), indicating strong rank stability. In com-
parison, ensembles oscillate across months, whereas our
appearance-guided router consistently selects effective ex-
perts and preserves top performance under seasonal domain
shift. Qualitative examples under changing environments
appear in Fig. 4.

Generalization to Synthetic Drift. On the FLIR ADAS
dataset [13] (simulated drift), our model maintains its
lead. The 5-expert adaptive model achieves the best
overall performance (mAP@.5:.95= 0.2596), balancing
high precision and recall better than both the baselines and
ensembles. This confirms that our approach generalizes
beyond the seasonal transitions of LTDv2 to handle distinct
distribution shifts effectively.

Together, these results demonstrate that our approach
provides a practical alternative to large single models or en-
sembles. By explicitly linking routing to interpretable ap-
pearance cues, our appearance-guided MoE achieves supe-
rior accuracy and month-to-month rank stability, validating
its effectiveness for real-world thermal surveillance.

6. Ablations

Table 4 compares the parameter count, computational cost,
and efficiency of all methods.

MoE vs. Scaling. We observe that simply scaling up a
monolithic detector yields diminishing returns. Moving

from YOLOv8-m to YOLOVS-1 increases computational
cost by 109% (28.4 — 59.4 GFLOPs) for a modest 4%
gain in mAP@.5:.95(0.3319 — 0.3452). Similarly, the
YOLOvV11-1, while efficient in parameters, fails to surpass
the accuracy of the v8-1 baseline on this challenging
dataset. In contrast, our 5-expert adaptive MoE achieves a
significantly higher peak accuracy (0.3592) than these large
single models. This confirms that conditional computation
through specialized experts can be more effective for han-
dling drift than adding capacity to a generalist backbone.

MOoE vs. Ensembles. Ensembles incur a linear cost penalty
and the largest WBF ensemble requires 150.5 GFLOPs per
image. Our Adaptive MoE provides a superior trade-off as
it achieves higher accuracy than the best ensemble while
allowing inference costs to drop as low as 27.7 GFLOPs for
easy images. This flexibility allows the model to allocate
budget where it is needed most, unlike ensembles which
waste compute on simple scenes. Note that, in terms
of pure mAP@.5:.95/GFLOP, the smallest YOLOv8-m
baseline remains the most efficient option. Our MoE trades
some efficiency for significantly higher peak accuracy
and improved robustness under drift, and is therefore best
suited when modest additional compute is acceptable.

Expert Configuration. Finally, Table 5 shows
mAP@.5:.95 peaks at E=5,K=3. Notably, perfor-
mance improves as the total expert pool E increases
(from 3 to 5), validating that a wider variety of available
experts allows for finer-grained specialization to the diverse
thermal conditions found in LTDv2.

7. Conclusion

We introduced an appearance-guided Mixture of Experts
(MoE) model for thermal object detection under long-term
appearance drift. A self-supervised appearance encoder
steers a router that activates only the necessary special-
ized backbones, while a shared detection head contains
output-layer cost. Two simple load-balancing regulariz-
ers prevent expert collapse and encourage useful special-
ization. At inference, a probability-mass—based adaptive-
K rule provides compute-aware execution. On LTDv2
(real seasonal drift) and FLIR ADAS, our models surpass
strong single backbones and ensembles, delivering higher
mAP and better precision/recall, while raising the perfor-
mance floor in the hardest months and maintaining strong
rank stability over time. These results indicate that condi-
tional computation with appearance-guided experts is more
effective for drift robustness than scaling monolithic ca-
pacity or naive ensembling. In summary, our appearance-
guided MoE provides a practical approach to deployable
thermal detectors that sustain high accuracy under long-
term appearance drift, while keeping computational cost
low via adaptive expert activation and a shared detection
head.
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