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Abstract. Camera traps are crucial for large-scale biodiversity monitor-
ing, yet accurate automated analysis remains challenging due to diverse
deployment environments. While the computer vision community has
predominantly framed this challenge as cross-domain (e.g., cross-site)
generalization, this perspective overlooks a primary challenge faced by
ecological practitioners: maintaining reliable recognition at the fized site
over time, where the dynamic nature of ecosystems introduces profound
temporal shifts in both background and animal distributions. To bridge
this gap, we present the first unified study of camera-trap species
recognition over time. We introduce a realistic, large-scale bench-
mark comprising 546 camera traps with a streaming protocol that evalu-
ates models over chronologically ordered intervals. Our end-user-centric
study yields four key findings. (1) Biological foundation models (e.g.,
BioCLIP 2) underperform at numerous sites even in initial intervals,
underscoring the necessity of site-specific adaptation. (2) Adaptation is
challenging under realistic evaluation: when models are updated using
past data and evaluated on future intervals (mirrors real deployment life-
cycles), naive adaptation can even degrade below zero-shot performance.
(3) We identify two main drivers of this difficulty: severe class imbalance
and pronounced temporal shift in both species distribution and back-
grounds between consecutive intervals. (4) We find that effective integra-
tion of model-update and post-processing techniques can largely improve
accuracy, though a gap from the upper bounds remains. Finally, we high-
light critical open questions, such as predicting when zero-shot models
will succeed at a new site and determining whether/when model updates
are necessary. Together, our benchmark and analysis provide actionable
deployment guidelines for ecological practitioners while establishing new
directions for future research in vision and machine learning.

Keywords: Temporal Shift - Adaptation - Ecological Monitoring

1 Introduction

Camera traps are vital tools for ecology and conservation: they non-invasively
capture large volumes of time-stamped images in natural habitats, supporting
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Fig.1: (a). Temporal shifts: Even at a fixed site, foreground and background ap-
pearances evolve over time due to changing seasons, weather, and animal distribution.
(b). Streaming evaluation: Accumulatedx model is fine-tuned with training data
up to the current interval and evaluated on the test data of the next interval. For
reference, an Oraclex model is fine-tuned with the union of training data from all time
intervals at a site and evaluated on the test data of all intervals. (x: our recipe Sec. .

biodiversity monitoring, behavior analysis, and conservation planning .
Yet ecosystems are inherently non-stationary: seasonal shifts, weather changes,
vegetation growth, and animal migration constantly reshape backgrounds and
animal distributions (Fig. [Th). Such dynamic conditions introduce substantial
visual variability, posing unique challenges for vision models .

Prior studies often frame the problem as domain adaptation or generaliza-
tion, aiming to transfer models trained on source domains (e.g., specific cameras)
to unseen target domains . While this perspective casts camera trap data
as a crucial testbed for machine learning robustness, it diverges from the prac-
tical needs of end-users (e.g., ecologists and conservation practitioners). Their
dominant interest is not a model’s ranking on cross-domain leaderboards, but
its ability to maintain high accuracy at a specific deployment site as dynamically
changing data arrives. Recognizing that this practical problem remains largely
underexplored, we conduct a unified and comprehensive study of camera trap
species recognition over time, reformulating the evaluation to faithfully mir-
ror the temporal lifecycle of real-world deployments.

To facilitate this study, we introduce a realistic camera trap benchmark
STREAMTRAP with a streaming evaluation protocol where models are evalu-
ated as new data arrives and are incrementally updated thereafter. For each
camera trap, the image stream is partitioned into consecutive time intervals for
evaluating models chronologically. Concretely, at each interval j, a model can
access cumulative, labeled training data from all intervals up to the j-th inter-
val, undergo parameter updates, and evaluate on the unseen test data from the
subsequent (j + 1)-th interval. To construct STREAMTRAP, we curate data from
the LILA BC repository , identifying 546 camera traps from 17 datasets, each
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with sufficient data spanning at least 6 months. Also, we provide a modular, re-
producible data pipeline that adheres to FAIR principles (Findable, Accessible,
Interoperable, and Reusable), enabling practitioners to seamlessly convert their
raw ecological data into standardized temporal benchmarks.

Building on STREAMTRAP, we conduct a unified end-user-centric study aim-
ing to answer common questions faced by ecological practitioners, and distill
actionable guidelines for maintaining accurate models in dynamic environments.
We summarize our key analyses as follows:

Adaptation is required even with biological foundation models. Before
deployment, end-users must decide whether a zero-shot biological vision foun-
dation model is strong enough for a new camera trap, or whether site-specific
adaptation is still needed. This decision is especially important as biological
vision foundation models [19,30,/49] already achieve state-of-the-art zero-shot
accuracy across diverse biodiversity datasets, including subsets of the LILA BC
repository. However, in STREAMTRAP, we observe substantial variability in Bio-
CLIP 2’s zero-shot accuracy across 546 camera traps: while 161 traps exceed
90% accuracy, demonstrating the promise of foundation models, another 162 fall
in the 50-80% range, indicating that site-specific adaptation remains critical for
many deployment sites.

Adaptation is challenging in the real world. When off-the-shelf foundation
models underperform at a deployment site, fine-tuning is a natural first adapta-
tion choice [31,35./69]. However, adaptation in STREAMTRAP is more challenging
than standard in-domain fine-tuning: a model updated using data observed up
to the current interval must be evaluated on the future interval. Under this real-
istic streaming protocol, we surprisingly find that naively fine-tuning on all data
observed so far (accumulated model) can degrade performance, often below
the zero-shot baseline. Our investigation identifies two primary drivers behind
this adaptation failure. First, as camera traps acquire images passively and must
“wait” for animals to appear, some species may not be observed within a given
interval. Thus, the training data available for an interval is often extremely low-
shot and severely imbalanced, causing poor generalization during naive adapta-
tion [53]. Second, due to the inherent non-stationarity of ecosystems, both the
background context and the animal population distributions undergo profound
shifts between consecutive intervals. As a result, a model that achieves high ac-
curacy on current and past intervals is not guaranteed to remain strong in the
future intervals with shifted distributions.

Practical recipes for robust adaptation. To combat the low-shot and imbal-
ance issues, we evaluate a suite of practical techniques and find that combining
parameter-efficient fine-tuning [36] and class-imbalance losses [43}/61] provides
a robust recipe for camera-trap model adaptation. However, even with this im-
proved recipe, continually adapted models still exhibit a non-negligible perfor-
mance gap (Fig. ) compared to an upper bound (oraclex model fine-tuned
with all training data across all time intervals at a site). To further address
the inter-interval distribution shifts and close this gap, we identify three post-
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processing techniques: post-hoc logit calibration [31], weight interpolation [59],
and interval model selection.

More practical considerations. Accurate real-world deployment involves
more than choosing an adaptation algorithm. Through discussions with end-
users, we identify practical questions frequently overlooked by the vision com-
munity: How can practitioners predict if a foundation model’s zero-shot perfor-
mance will be sufficient at a new, unseen site? If not, must the model be updated
at every interval, or is there an effective mechanism to determine when adapting
at a given interval is actually necessary? As these questions are largely under-
explored, we provide preliminary analyses and baseline solutions.
Contributions. We present the first unified study of camera trap species recog-
nition over time that reflects the temporal lifecycle of ecological monitoring. We
systematically analyze critical deployment questions, providing actionable guid-
ance on what works while urging the computer vision community to tackle the
remaining open challenges. Our work serves two primary audiences:

e End-users: (1) We provide actionable guidance for leveraging foundation
models and adaptation techniques in reliable camera-trap analysis; (2) Our
FAIR-compliant data preparation pipeline helps practitioners convert raw
ecological monitoring data into standardized, reusable benchmarks.

e Algorithm developers: (1) We transform the LILA BC repository, which
has historically been difficult for developers to use at scale, into a standard-
ized benchmark for evaluating robust real-world adaptation.(2) We identify
critical but overlooked challenges about what, how, and when to update mod-
els under field constraints (e.g., scarce or imbalanced data, non-stationary
streams). By steering development toward these practitioner-driven ques-
tions, we aim to accelerate progress in this vital scientific application area.

2 Related Work

Camera trap data in computer vision. Camera traps are essential tools
for biodiversity monitoring, producing large-scale wildlife image collections that
reveal species richness and behavior [10,/52]. To automate analysis, deep learn-
ing has been widely adopted for species detection and classification [39,/63]. A
major challenge is generalization: models trained at one location often fail when
deployed at another. The iWildCam challenges [5,/6] address this by splitting
data by camera location to assess out-of-distribution generalization [26}31]. Re-
cent work further explores multimodal foundation models for richer camera-trap
understanding [13}[17]. However, most prior work frames camera-trap analysis as
a cross-domain generalization problem, whereas real deployments often require
reliable species recognition at a fixed site over time, where seasonal changes,
habitat dynamics, and animal migration continuously shift both species distri-
butions and visual backgrounds, degrading model performance over long-term
monitoring. We address this gap with a unified, end-user-centric study of
camera-trap recognition across the temporal deployment lifecycle, characterizing
adaptation challenges and deriving practical guidelines for long-term use.
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Continual learning (CL). CL studies how a model learns from a non-stationary
data stream while retaining acquired knowledge and improving over time without
catastrophic forgetting [28)/32}f33|. This paradigm is closely related to our stream-
ing evaluation protocol. However, standard CL assumes limited or no access to
past data due to privacy or other constraints |9}/34]. In contrast, ecological de-
ployments treat labeled camera trap data as a valuable resource that is archived
and fully accessible. To isolate temporal shift effects and avoid conflating them
with artificial storage constraints, our baseline uses all historically available data
at each interval, corresponding to the cumulative training upper bound in CL.
While STREAMTRAP is explicitly tailored for studying wildlife monitoring un-
der temporal shifts, its chronologically ordered data streams and severe, natural
distribution shifts inherently provide a challenging real-world testbed for the
broader continual learning community.

Class-imbalanced learning. Camera trap datasets often follow a long-tailed
distribution, where models perform well on the majority species but poorly on
rare ones |[8,/37]. As rare species are often of greatest ecological interest, ad-
dressing this imbalance is critical. Common techniques can be broadly cate-
gorized into two groups: data-level methods modifying the data distribution
by over(under)sampling; algorithm-level methods adjusting the learning process
with specialized losses or algorithmic modifications [44,/65]. We provide more
detailed related work in Sec. [Al

3 STREAMTRAP: Benchmarking Real-World Camera
Trap Deployment with Streaming Evaluation Protocol

Motivation. Camera traps are central to ecology and conservation: they non-
invasively capture massive streams of time-stamped images in natural habi-
tats, enabling biodiversity monitoring, behavior analysis, and conservation plan-
ning [4155]. Yet the environments are inherently non-stationary: seasons, weather,
vegetation, and migration continually reshape both the backgrounds and species
distributions (Fig.[Th), creating persistent visual shifts for deployed vision mod-
els. Prior work typically frames this challenge as domain adaptation / general-
ization, focusing on transferring models from source to target domains [45,(70].
However, this framing does not fully capture the needs of end-users. They do
not prioritize static cross-domain leaderboards; instead, their dominant interest
is whether a model can maintain reliable accuracy at a fived deployment site as
new data arrive over time.

Despite this practical need, existing benchmarks don’t capture how camera-
trap data arrive in the wild or reflect the temporal lifecycle of real deployments.
To close this gap and refocus the community on deployment-critical evaluation,
we introduce STREAMTRAP, a benchmark for camera trap species recognition
over time with a streaming evaluation. By shifting the research focus from static
domain transfer to long-term reliability, STREAMTRAP encourages the commu-
nity to develop adaptive systems that remain accurate throughout real ecological
monitoring deployments.
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Fig.2: (a). STREAMTRAP statistics. Top row: histograms of the image, class, and
time span; Bottom row: histograms of temporal shift (TCDS, defined in Sec. and
class imbalance metrics (defined in Sec. . (b). Streaming evaluation protocol:
models are continually fine-tuned on the labeled data observed so far and evaluated on
future unseen data.

Streaming evaluation protocol. Unlike conventional domain adaptation, where
target-domain data are often assumed to be available all at once |18//48], STREAM-
TRAP evaluates models under a realistic streaming protocol that better reflects
camera-trap deployment: models are evaluated on future data as they arrive and
may be updated after labeled data from previous intervals become available.
Given time-stamped images from a camera trap, {(x;,y;, t;)}, where x; denotes
the i-th image, y; its label, and ¢; its timestamp, we partition the stream into
a sequence of chronological intervals. At interval j, a model may access the
accumulated labeled training data from intervals up to interval j, update its pa-
rameters, and is then evaluated on unseen test data from the subsequent (j+1)-th
interval. Fig. 2p illustrates this protocol.

Also, while STREAMTRAP is tailored for camera traps under temporal shift,
its streaming formulation also serves as an excellent, highly challenging testbed
for broader machine learning paradigms, such as online continual learning [33].

3.1 Benchmark Construction and Statistics

Data source. We build STREAMTRAP on the LILA BC repository [1] with 17
camera-trap datasets (e.g., Snapshot Serengeti) comprising hundreds of camera
traps deployed across continents. Here, a camera trap refers to a stationary
camera installed at a fixed location to passively monitor wildlife activity.

FAIR processing pipeline. We focus on camera traps with sufficient temporal
coverage and image volume to support streaming evaluation. We first partition
each camera trap stream into 30-day intervals; intervals with fewer than 200
images are merged with adjacent intervals to ensure sufficient data for both
training and testing. Within each interval, we split data into training and test
sets, constructing the test split to be class-balanced. Species with fewer than
10 samples in an interval are held out as rare species to maintain evaluation
stability: they are separately evaluated and analyzed in Sec. To focus on
the temporal shift problem, we follow the LILA BC protocol and use MegaDe-
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Fig. 3: (a). Zero-shot accuracy across camera traps. Green: > 90% accuracy;

< 80%. (b). Accuracy difference between oracle naive fine-tuning and zero-shot. Blue:
oracle outperforms zero-shot; red: zero-shot is better. (c). Accuracy difference between
oracle fine-tuning with our adaptation recipe (Oraclex) and zero-shot.

tector [4] to extract image patches around detected animal instances. We enlarge

each bounding box by 50% to preserve background context.

To promote the FAIR principles (Findable, Accessible, Interoperable, and
Reusable) and enable future researchers to convert their raw ecological data
into standardized benchmarks, we establish a modular data processing pipeline.
Concretely, we preprocess each camera trap to ensure the availability of essential
metadata (timestamps, image-level species labels, and animal bounding boxes)
and apply two main filtering steps:

1. Single-species filtering: retain images containing a single species (no hu-
mans or vehicles) so that image-level labels can be unambiguously assigned
to detected instances (removes < 2% of images);

2. Detection filtering: retain images with at least one detected animal bound-
ing box with confidence > 0.8 to ensure reliable localization of animals.

After filtering, we retain camera traps with more than 1,000 images spanning at

least 6 months. Additional details, including design choices, preprocessing and

pipeline steps, MegaDetector robustness checks, and the list of camera traps

included, are provided in Sec. D]

Basic statistics. Our rigorous processing pipeline yielded 546 valid camera

traps. A summary of statistics (e.g., image and species histogram) is provided

in Fig. Ph. To quantify class imbalance for a camera trap, we report two comple-
mentary metrics: (i) the fraction of images belonging to the two most frequent
classes, and (ii) the number of images in the least frequent classes.

4 A Unified End-User-Centric Study

Building on STREAMTRAP, we conduct the first unified end-user-centric study to
answer common questions faced by practitioners during deployment, and distill
actionable guidelines for maintaining accurate models in dynamic environments.
Setting & Model. For each camera trap, the model is initialized with the
recently released BioCLIP 2 , a biological vision foundation model trained
on multimodal biological data and capable of classifying over 800K species. To
isolate the temporal dynamics we aim to study, we assume the candidate set of
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species expected at each camera trap is known a priori. This assumption aligns
with real-world deployments, where practitioners typically have prior knowledge
of the local fauna from historical observations or metadata. To ensure the broader
generalizability of our findings, we provide additional experiments in Sec.
for scenarios where species are unknown beforehand.

Evaluation Metric. For each camera trap, we compute a model’s average per-
class accuracy within each interval (Balanced Accuracy), and then average these
values across all intervals to obtain the overall performance.

4.1 Is Adaptation Still Required with Foundation Models?

Before deployment, practitioners must decide whether a zero-shot biological
foundation model is reliable enough for a new camera trap, or whether site-
specific adaptation is still necessary. This question is especially important as
recent biological foundation models [19}/49] already achieve state-of-the-art zero-
shot accuracy across biodiversity datasets, including LILA BC subsets.

Zero-shot baseline. We begin by evaluating the zero-shot performance of
BioCLIP 2 for all 546 camera traps in STREAMTRAP. To construct the zero-
shot classifier head, we utilize each species’ common name as the text label
and apply OpenAl’s standard prompt templates to generate the text embed-
dings. Formally, let fg denote the pre-trained vision encoder and w,. the L2-
normalized text embedding of class c¢. Given an image x, the predicted class is
§ = argmax, w, fo(x). As illustrated in Fig. [3h, we observe significant vari-
ability in zero-shot accuracy across 546 camera traps: BioCLIP 2 exceeds 90%
accuracy on 161 camera traps, highlighting its strong potential in wildlife mon-
itoring, yet 162 camera traps fall in the 50-80% range. This wide performance
spread suggests that while zero-shot models provide a strong baseline, there re-
mains a persistent, critical need for site-specific adaptation. We include
zero-shot results for other foundation models in Sec. [B.1] for reference.

4.2 Adaptation is Challenging in the Real World

When off-the-shelf foundation models underperform at a camera trap, a natural
next step is to adapt them using labeled data collected at that site over time.
The streaming evaluation protocol in STREAMTRAP mirrors this deployment
lifecycle (Sec. : for a given camera trap at interval j, the model is updated
using cumulative labeled training data collected up to interval j, and is then
evaluated on test data from the future interval j+1.

Preliminary study. We first examine supervised fine-tuning, arguably the most
common adaptation strategy. We define the accumulated model as a baseline
that naively fine-tunes on all training data collected up to interval j. The model
is initialized from BioCLIP 2, consistent with the zero-shot baseline above, and
fine-tuned using standard cross-entropy loss with a cosine learning-rate sched-
uler and a base learning rate of 2.5 x 107°. Importantly, evaluation is always
performed on unseen data from the future interval j+1.
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Cl C2 C3 C4 C5 C6 C7 (C8 C9 Cl0 Cli1 C12 C13 Cl14 C15 C16 C17 C18 C19 C20 Avg

zS 97.7 92.3 90.9 89.1 86.1 84.3 81.5 81.2 78.3 77.1 75.8 73.8 70.1 69.8 67.1 66.0 62.2 61.5 56.3 55.8 75.8
Accum 73.6 77.1 50.0 71.7 46.7 33.3 56.7 73.0 45.0 25.0 57.0 50.0 68.2 60.8 66.7 11.4 61.7 58.0 33.3 45.7 53.2
A 24.1 15.2 40.9 17.4 39.4 51.0 24.8 8.2 33.3 52.1 18.8 23.8 1.9 9.0 0.4 54.6 0.5 3.5 23.0 10.1 -
Accumx 98.7 89.9 89.9 90.8 79.4 79.2 83.4 88.3 81.0 78.7 76.9 70.1 79.4 75.4 86.9 76.6 88.9 71.3 76.7 82.6 82.2
A 1.0 24 10 1.7 67 51 19 71 27 16 1.1 3.7 9.3 5.6 19.8 10.6 26.7 9.8 20.4 26.8
Oraclex 98.7 96.4 94.5 96.6 87.8 91.5 91.0 91.0 87.3 82.0 84.3 88.5 91.0 86.6 91.0 83.9 93.8 89.6 89.9 93.4 90.4
A 1.0 41 36 75 1.7 72 95 98 9.0 49 8.5 14.7 20.9 16.8 23.9 17.9 31.6 28.1 33.6 37.6 —

Table 1: Accuracy difference (A) between zero-shot (ZS) and three fine-tuning meth-
ods: naive accumulated fine-tuning (Accum), accumulated fine-tuning with our adapta-
tion recipe (Accumx), fine-tuned on all training data at a site with our recipe (Oraclex).
Blue (red) denotes improvement (degradation) relative to ZS.

To ensure the generalizability of our findings, we select 20 representative
camera traps for this preliminary study, strategically sampled to span a wide
spectrum of zero-shot accuracies. As shown in Tab. [I| naive accumulated fine-
tuning consistently underperforms the zero-shot baseline by a large margin. This
result is particularly striking because the accumulated model is already an opti-
mistic baseline: it uses all historical labeled data at each update step and imposes
no explicit computation or storage constraint. Its failure therefore highlights the
severe generalization challenge posed by realistic temporal adaptation
in camera-trap deployments, and motivates a deeper diagnosis of the factors
driving adaptation failure. More experimental details and comprehensive results
are provided in Sec. [Bland Sec. [C.

4.3 Diagnosing the Drivers of Adaptation Challenges

We hypothesize that the severe adaptation difficulties may stem from two dis-
tinct but compounding factors: (1) the inter-interval distribution shifts driven
by temporal non-stationarity; (2) the inherent difficulty of the camera trap data,
even when temporal shift is reduced.
Intrinsic difficulty even without temporal shift. To disentangle these fac-
tors, we first consider a deliberately upper-bound setting that removes the ef-
fect of inter-interval shift. Specifically, we train an oracle model using all la-
beled training data across all time intervals at a site, and evaluate it on held-
out test data. This setting more closely resembles standard i.i.d. training than
streaming adaptation, and one might therefore expect the oracle model to con-
sistently outperform the zero-shot baseline. Surprisingly, this is not the case: on
214/546 camera traps (~40%), the oracle model still underperforms the zero-shot
model (Fig. ) This result indicates that temporal shift is not the sole source
of difficulty; rather, the optimization and generalization challenges inherent to
camera-trap data are already substantial even when train and test distributions
are more aligned.

A key driver of this difficulty is the passive nature of camera-trap data col-
lection. Because camera traps must “wait” for animals to appear, many species
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Fig. 4: Illustration of temporal shifts. (Top) Images from a camera trap showing
shifting context (vegetation, lighting, weather) over time. (Bottom) TCDS comparison
of two camera traps (pie chart: class frequency per interval): the left camera exhibits
much higher temporal shifts (TCDS=0.7712) than the right one (TCDS=0.1166).

are observed only rarely within a given site or time period, leading to severe
class imbalance. As shown in Fig. [2h, the two most frequent classes account for
an average of ~71% of all images at a camera trap. In contrast, the two least
frequent classes contain only ~49 images on average, compared to ~4,500 im-
ages for the two majority classes. Attempting to fine-tune a foundation model
on such severely imbalanced, low-shot data inevitably introduces bias, amplifies
memorization, and ultimately harms generalization.

Temporal shift is pervasive. The inherent non-stationarity of natural ecosys-
tems causes both the background context (vegetation, illumination, weather) and
the animal population distributions to undergo profound shifts between consec-
utive intervals, as illustrated in Fig. El (Top). To formally quantify the animal
class distribution shift between consecutive intervals, we propose the Temporal
Class Distribution Shift (TCDS) metric for a specific camera trap. For class ¢

at interval j, let the normalized class frequency be p; = ﬁ, where nj is the
k™

sample count of class ¢ in interval j. We can define:
Average over

all intervals
—_———

n—1
TCDS := ﬁ 2::1 Z|p; —p§+1‘

c

Class distribution
shift between intervals

TCDS captures the average magnitude of temporal shift in class distributions
across all consecutive intervals for a camera trap. As illustrated in Fig. EI (Bot-
tom), this metric quantifies class distribution shifts across camera traps, where
higher TCDS values correspond to stronger temporal shifts. Unfortunately, a
substantial fraction of the camera traps exhibit exceptionally high TCDS values
(Fig. [2h). Thus, a model that achieves high accuracy on the current interval
can’t guarantee to remain strong when confronted with the drastically shifted
data distributions of future intervals.

Compounding effects. Severe data imbalance and temporal distribution shift
are entangled in practice. Together, they make streaming adaptation substan-
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tially more challenging than standard in-domain fine-tuning: models must learn
from scarce and imbalanced observations while also generalizing to future in-
tervals whose species distributions may differ significantly from the past. This
diagnosis motivates the need for robust adaptation recipes that help end-users
maintain reliable model performance in dynamic deployment environments.

4.4 Practical Recipes for Robust Adaptation

We next investigate practical techniques for addressing the adaptation challenges
identified above. Our goal is to establish an effective “first-to-try” recipe that end-
users can apply when adapting foundation models to camera-trap deployments.

Improving Generalization We first focus on strategies to mitigate the se-
vere generalization degradation caused by extreme class imbalance and low-shot
data. Motivated by prior literature on long-tailed recognition and efficient adap-
tation [36L[65], we investigate two primary directions:

Class-imbalanced loss. Standard cross-entropy fine-tuning on severely im-
balanced data inherently biases the model toward majority classes, yielding
poor generalization across classes [12,/61,[62]. Class-imbalanced losses offer a
simple and effective mitigation. We explore several established methods, includ-
ing Balanced Softmax (BSM) [43|, Class-Balanced Focal Loss (CB-Focal) [12],
and Class-Dependent Temperatures (CDT) [61]. As detailed in our ablation
studies (Sec. , we find that BSM delivers consistent improvements across
camera traps without requiring hyperparameter tuning, whereas CB-Focal and
CDT require more hyperparameter tuning, which is often infeasible for camera

trap deployments. We therefore adopt BSM as our default imbalance-aware loss:

Lpsm(z,y) = —log (%) where n.(x) = w/ fo(x) denotes the logit

for class ¢, and n. is the number of training instances for class c.
Parameter-Efficient Fine-Tuning (PEFT). Fully fine-tuning on imperfect
data often risks corrupting the generalized representations of foundation mod-
els [31,67]. Unlike full fine-tuning, which updates all network parameters, PEFT
modifies only a minimal subset of weights, thereby preserving pre-trained knowl-
edge [36164]. We evaluate three representative PEFT methods: Low-Rank Adap-
tation (LoRA) [22], Visual Prompt Tuning (VPT) [25,54], and Adapter [21].
Our ablations (Sec. demonstrate that LoRA, which introduces trainable
low-rank matrices into the attention projection layers, achieves superior perfor-
mance without heavy hyperparameter tuning. Consequently, we adopt LoRA as
our default fine-tuning mechanism.

Synergy between imbalance loss and PEFT. To rigorously assess the iso-
lated and combined impacts of these two directions, we conduct an ablation study
on a representative subset of 20 camera traps with the oracle setting (details in
Sec. . We observe that applying either the imbalance loss (BSM) or PEFT
(LoRA) alone yields only marginal improvements (less than 1%) over naive full
fine-tuning. However, combining BSM + LoRA yields a substantial performance
boost, strongly suggesting their compatibility and complementarity. Motivated
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by this result, we consider the BSM + LoRA as our recommended adaptation
recipe for camera traps (denoted hereafter as x). Applying this recipe to the
oracle models (Oraclex) across all 546 camera traps in the STREAMTRAP bench-
mark enables 474 sites (compared to only 332 for the naive oracle) to successfully
outperform the zero-shot baseline (Fig. ) While there remain 72 camera traps
where this recipe falls short, we provide a detailed qualitative and quantitative
analysis of these specific failure cases in Sec.

Mitigating Temporal Shifts Our proposed adaptation recipe (x) successfully
transfers its effectiveness from the idealized oracle setting to the accumulated
model evaluated under the realistic streaming protocol. As shown in Tab. [I] the
accumulated model equipped with our recipe (denoted as Accumx) consistently
outperforms the zero-shot baseline. However, a non-negligible performance gap
persists between Accumx and corresponding upper bounds (Oraclex) on most
camera traps. This discrepancy is primarily driven by inter-interval distribution
shifts, which inherently complicate streaming evaluations. Mitigating such tem-
poral shifts is notoriously difficult due to the unpredictability of future data
distributions, a challenge that remains largely underexplored in the vision com-
munity. To bridge this gap, we evaluate various approaches and identify three
promising post-processing techniques that can potentially improve Accumx.

Post-hoc logit calibration. When some classes are absent or extremely low-
shot during fine-tuning, the updated model tends to heavily suppress their pre-
dicted logits relative to the majority classes, even when the foundation model
originally represented them well [31,53]. To rectify this bias, we adopt a post-hoc
logit calibration [31] to boost the logits of absent or minority classes to a mag-
nitude comparable to the majority classes by introducing a calibration factor ~:
§ = argmax, w. fo(x) +7 - 1[c € A], where A denotes absent/minority classes
in the current interval.

Weight interpolation. While fine-tuning enables necessary task-specific adap-
tation, it risks forgetting of the foundation model’s broad generalization capa-
bilities. To strike a balance between generalizable pre-trained knowledge and
site-specific features, we apply weight interpolation (WiSE) [59]. Let 6’ be the
fine-tuned weights and @ the pre-trained weights. The interpolated weights are
given by 0(«) = a0 + (1 — )0 where « € [0, 1] controls the interpolation ratio.
Interval model selection. The most recently adapted model is not always the
best model for the next interval. Due to recurring seasonal patterns or abrupt
ecological changes, future interval j4+1 may resemble an earlier interval more
than the immediately preceding one. To assess the potential benefit of choosing
among historical models, we conduct a diagnostic upper-bound study: for each
future interval j+1, we select the historical or current model that achieves the
highest accuracy on that interval’s test split. This procedure is not directly de-
ployable because it uses future labels, but it quantifies the possible gain from
better model-selection mechanisms and motivates future work on practical se-
lection criteria under streaming deployment.
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Fig.5: Performance gain (Aaccum«) of calibration, weight interpolation, and model
selection over the Accum™ baseline. They are applied on top of Accum*. More results

can be found in Sec.

Promises and limits of post-processing. Fig. [fillustrates the relative gains
of each post-adaptation strategy over Accum*. Notably, for camera traps where
Accumx initially underperforms the zero-shot baseline, at least one of these
strategies can recover the performance drop. Moreover, these techniques can
effectively narrow the gap between the Oraclex and Accumx, underscoring their
tremendous potential for mitigating temporal shift. However, we emphasize that
these results are obtained under an optimistic upper-bound setting, where we
select performance-maximizing hyperparameters to reveal the potential of each
method. In real deployments, selecting such hyperparameters without access to
future data remains an open challenge. We therefore view this as an impor-
tant research opportunity and encourage future work to resolve the degradation
caused by temporal shifts.

We recommend combining LoRA (PEFT) with BSM (imbalance loss) as a
practical first-to-try adaptation strategy, augmented by post-processing tech-
niques, such as logit calibration, weight interpolation, or interval model
selection, to mitigate inter-interval distribution shift.

5 More Practical Considerations

Accurate real-world deployment involves more than selecting an adaptation al-
gorithm. Practitioners must also decide when a foundation model is sufficient,
whether continual adaptation is necessary, and when adaptation should be trig-
gered. Despite their importance for deployment, these questions remain largely
underexplored in the vision community. In this section, we provide preliminary
analyses with simple baselines and highlight directions for future research.
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Fig. 6: (a). Non-OOD scores (MSP) moderately correlate with zero-shot accuracy.
(b). The Adapt-or-Skip problem: should we adapt at this interval or not?.

When is the zero-shot model sufficient? In real-world deployments, prac-
titioners need to estimate whether a foundation model’s zero-shot performance
is sufficient for a new site. If yes, the model can be deployed directly without
data collection and adaptation. However, this decision must typically be made
before labeled data from the new site are available, making zero-shot accuracy
hard to assess in advance. Despite its practical importance, this problem remains
largely underexplored in the vision community. As a simple baseline, we assess
if out-of-distribution (OOD) signals can provide an indication of zero-shot ac-
curacy [60]. The intuition is that if images from a new camera trap are closer
to the training distribution, the model may produce higher-confidence predic-
tions and achieve better zero-shot accuracy. Specifically, we adopt the Maximum

Softmax Probability (MSP) [20], assigning each test sample a non-OOD score:

smsp () = max, % where 7.(x) = w/ fo(z) denotes the logit for

class ¢, and 7 is a temperature parameter. We plot the average non-OOD score
for each camera trap against the zero-shot accuracy in Fig. [6h. While a moderate
correlation can be observed, many camera traps deviate from this pattern, indi-
cating that confidence signals alone are insufficient to reliably predict zero-shot
performance. This highlights the difficulty of estimating zero-shot sufficiency
prior to deployment, suggesting it as an open problem for future work.

Do we need continual adaptation? Another practical question raised by end-
users is whether continual adaptation is necessary after a model has already been
updated over several initial intervals. Once the model has learned site-specific
characteristics, can it generalize to all future data without further fine-tuning?
To investigate this question, we conduct a controlled study in which adaptation
is deliberately halted after a fixed number of intervals. Specifically, for camera
traps with long deployment durations spanning more than one year, we freeze the
accumulated model at a specific interval and evaluate it on all remaining future
intervals. As shown in Tab. [2] model accuracy generally improves as the model
is adapted on more intervals. This trend indicates that continually incorporating
additional site-specific data can provide cumulative performance gains. At the
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same time, the benefit of each update is not uniform: some intervals provide
substantially richer adaptation signals than others, while others offer limited
marginal improvement. This observation motivates our next question: can we
determine when an adaptation step is actually necessary?

Stage 0% 25% 50% 75% 100%
Acc. 76.2 73.1 77.8 82.7 84.9

Table 2: Accumx is frozen at a specific interval (e.g., 25% means frozen after adapta-
tion with the first 25% intervals) and evaluated on all future intervals. Averaged across
8 camera traps with long deployment durations spanning more than one year.

‘When should we adapt? Adaptation incurs labeling and computational costs,
making it important to determine when an update is actually beneficial. How-
ever, this decision must be made before observing future performance. At every
interval, the end-users will face an Adapt-or-Skip problem as illustrated in
Fig.[6b: should we adapt at this interval or not? Despite its practical importance,
this remains largely underexplored. At interval j, the user observes the deployed
model f;_1, prior labeled training data ’D{f?ij‘l, and current unlabeled samples
&;, and must decide whether to ADAPT or SKIP. If adapting, the user labels A
and trains f; with Dif?i“; if skipping, they keep deploying f;_;. Retrospectively,
the ground-truth decision is a§ = ADAPT iff Acc(f;, D) > Acc(fj—1, DiTY),
and aj = SKIP otherwise. The challenge is to predict a} using only information
available at interval j, before observing D;ﬁfﬁ We construct a dataset where half
of the intervals favor adapting and half favor skipping. We evaluate three sim-
ple baseline methods: random, MSP-based, and CLIP feature-based. However,
both methods perform similarly to random guessing, highlighting the difficulty
of the problem. For reference, we report an upper-bound that always selects the
correct decision, which outperforms the three baselines by 11.34%, suggesting

substantial room for future research. More details are provided in Sec.

6 Conclusion

We present the first unified study of camera-trap species recognition over time,
prioritizing reliable, long-term fixed-site deployment. Our benchmark, STREAM-
TRAP, uses a streaming evaluation protocol reflecting real-world data collection.
Because naive foundation model fine-tuning fails under extreme data imbalance
and temporal shifts, we provide robust adaptation recipes and analyze critical
deployment challenges to guide practitioners and spur future research.
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