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Abstract

Foundation models have revolutionized computer vision,
yet their adoption in precision agriculture remains limited
due to significant domain shifts from natural images. Ex-
isting agricultural foundation models focus primarily on
remote sensing applications; to date, no dedicated foun-
dation model exists for close-field agricultural vision. In
this paper, we propose Agri-FM+, a self-supervised foun-
dation model specifically tailored for agricultural vision,
trained via a two-stage continual learning pipeline. Start-
ing from publicly available unsupervised ImageNet weights
from the SlotCon, Agri-FM+ is continually adapted on a
curated 147K-image agricultural dataset using SlotCon.
Evaluated across eight diverse benchmarks—covering ob-
ject detection, semantic segmentation, and instance seg-
mentation tasks—Agri-FM+ consistently outperforms both
ImageNet-pretrained and randomly initialized models. Un-
der full supervision, it achieves average gains of +1.27%
over supervised ImageNet-pretrained and +8.25% over
random initialization. Even when trained with only 10%
of the annotated data, Agri-FM+ maintains robust per-
formance, achieving gains of +1.02% and +4.54% over
supervised ImageNet pretraining and random initializa-
tion, respectively. These results demonstrate the ability of
Agri-FM+ to provide domain-adapted, label-efficient rep-
resentations that scale effectively across real-world agri-
cultural vision tasks. The code, weights, and more details
will be made available at: https://github.com/
FarhadMaleki/AgriFMPlus.

1. Introduction

Foundation Models (FMs) pretrained on large-scale
datasets have recently demonstrated success across vari-
ous computer vision tasks, including classification [78],
detection [99], and segmentation [50]. However, the di-
rect application of general-purpose foundation models to
domain-specific applications, such as precision agriculture,
remains a significant challenge. Agricultural images sig-
nificantly differ from conventional natural images, such as
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those in ImageNet [32] and COCO [53] datasets, in sev-
eral critical aspects. Agricultural objects of interest typi-
cally exhibit smaller sizes, higher density, and more repeti-
tive spatial distributions compared to objects commonly de-
picted in natural scenes. Additionally, these objects are of-
ten visually similar and grouped closely together, present-
ing unique challenges for precise identification, segmenta-
tion, and counting tasks. Moreover, agricultural scenes fre-
quently require capturing subtle, fine-grained visual differ-
ences critical for tasks like disease detection, pest identi-
fication, and crop phenotyping. Agricultural images also
show significant heterogeneity due to substantial variations
in lighting, growth stages, occlusions, and environmental
conditions [55, 91, 100]. Such distinctive characteristics
significantly limit the effectiveness and generalizability of
traditional foundation models in precision agriculture, un-
derscoring the necessity for specialized, domain-specific
foundation models tailored explicitly to agricultural vision
tasks.

Some foundation models are developed for agricultural
applications [23, 45, 54, 80, 83]. However, they primar-
ily focus on remote sensing imagery from satellites and
drones. Despite being effective for large-scale field mon-
itoring and crop classification, these models fail to capture
the fine-grained details required for close-field agricultural
vision tasks, such as plant disease detection, pest identifica-
tion, and crop phenotyping. To bridge this gap, a dedicated
self-supervised foundation model, tailored specifically for
close-field agricultural vision is essential.

To address these challenges, we introduce Agri-FM+, a
self-supervised foundation model tailored for agricultural
vision tasks in close-field settings. We first develop Agri-
FM, which is pretrained solely on our curated Agri-147K
dataset—collected and refined from 35 publicly available
agricultural datasets. Agri-FM achieves performance com-
parable to supervised ImageNet pretraining, highlighting
the effectiveness of domain-specific self-supervised learn-
ing (SSL). Building upon this, we propose Agri-FM+,
which adopts a continual pretraining strategy, first learning
from unsupervised ImageNet weights and then further pre-
training on Agri-147K. This approach enables Agri-FM+



to retain general feature representations while adapting to
agricultural-specific challenges, mitigating catastrophic for-
getting, and enhancing domain adaptation. Our key contri-
butions to this study are as follows:
* Curated Agri-147K dataset: We introduce Agri-147K,
a high-quality agricultural dataset curated from 35 pub-
licly available datasets, ensuring diverse and representa-
tive training data for agricultural vision tasks.
Agri-FM+ as the first agricultural vision foundation
model for close-field tasks: We propose Agri-FM+,
leveraging continual self-supervised pretraining to bridge
the gap between general and domain-specific feature rep-
resentations.
Comprehensive evaluation: We benchmark Agri-
FM+ on three core downstream vision tasks—i.e., ob-
ject detection, semantic segmentation, and instance
segmentation—using eight diverse agricultural datasets.
The rest of the paper is organized as follows: Section 2
reviews related work. While Section 3 details our method-
ology, describes downstream tasks, and evaluation protocol,
Section 4 presents the results. Section 5 provides a discus-
sion, and finally, Section 6 concludes the paper.

2. Related Work

Vision foundation models. Trained on large-scale
datasets, vision foundation models have significantly ad-
vanced computer vision by improving model generalization
across diverse tasks. Segment Anything Model (SAM)
from Meta Al [49, 68] facilitates zero-shot segmentation
with broad applicability. DINOv2 [61] leverages SSL
for robust feature representation. SEEM [102] integrates
multi-modal information for open-set segmentation. Owl-
ViT [64] enhances open-world object detection using
vision-language alignment. = CLIP from OpenAl [66]
enables text-guided image recognition through contrastive
pretraining. BLIP-2 [51] improves vision-language tasks,
including image captioning and visual question answering.
Internlmage [84] achieves state-of-the-art performance in
detection and segmentation through hierarchical vision
transformers. Florence from Microsoft [98] serves as a
unified visual representation model for diverse vision tasks.
I-JEPA from Meta Al [16] applies self-supervised learning
for robust scene understanding. Stable Diffusion [34] and
DALL-E 3 [19] generate high-fidelity images from text
prompts, expanding creative applications. These models
establish new benchmarks for scalable and generalizable
vision systems.

Self-supervised pretraining for dense prediction. Foun-
dation models can be trained using supervised learn-
ing (e.g., CLIP [66]), weakly supervised learning (e.g.,
SAM [49, 68]), or self-supervised learning (e.g., DINO
[22, 61]). Self-supervised approaches are particularly valu-
able in precision agriculture, where obtaining labeled data

5521

is costly and time-intensive. Self-supervised learning has
emerged as a powerful technique for learning visual repre-
sentations without labeled data, making it particularly ef-
fective for tasks such as object detection and segmenta-
tion. By leveraging intrinsic patterns in raw data, SSL
eliminates the need for manual annotations and improves
generalization between tasks. Early SSL methods relied
on pretext tasks, such as rotation prediction [36], context
prediction [33], solving jigsaw puzzle [59], and coloriza-
tion [101], to extract meaningful representations. However,
these approaches often lacked scalability and failed to gen-
eralize beyond specific datasets, leading to the widespread
adoption of contrastive self-supervised learning as the dom-
inant paradigm for dense prediction tasks.

Contrastive learning enforces feature consistency across
augmented views by treating transformations of the same
image as positive pairs while considering different images
as negative pairs. Early frameworks, such as SimCLR [25]
and MoCo [26, 43], demonstrated that contrastive learn-
ing significantly improves representation learning by max-
imizing agreement between similar views of images while
simultaneously minimizing agreement with negative sam-
ples, i.e., augmented views from different images. MoCo-
V3 [27] later enhanced the training stability by eliminating
the need for a memory queue, while DINO [22, 61] intro-
duced self-distillation to learn feature representations with-
out explicit negative pairs. However, these methods primar-
ily focus on instance-level discrimination, which is insuffi-
cient for dense prediction tasks that require spatial consis-
tency across pixel-level features.

For segmentation and object detection, pixel-level con-
trastive learning approaches [44, 63, 85, 87, 92] have been
more effective than instance-based methods. DenseCL [85]
and PixCon [63] work by pixel-wise correspondence be-
tween augmented views of images, enhancing the robust-
ness of segmentation and detection models by maintaining
spatial alignment. SlotCon [87] further improves it by in-
troducing a group-wise contrastive learning framework that
clusters pixel embeddings into learnable slot prototypes, en-
suring semantic consistency across spatial locations. This
approach is particularly beneficial for agricultural vision
tasks, where fine-grained plant structures, disease regions,
and pest-affected areas require structured feature represen-
tations.

Several studies have examined the continual pretraining
strategy, where pretrained encoder weights undergo further
refinement using self-supervised learning on a target dataset
before fine-tuning for downstream tasks [17, 30, 47, 56, 69].
Continual pretraining enhances domain adaptation by utiliz-
ing self-supervised signals prior to task-specific supervised
learning. The second pretraining stage can either involve
the entire model [17, 69] or focus on specific components
of a model [30]. In this work, we implement continual pre-



Table 1. Summary of 35 agricultural datasets used in this study

Ref.  #Images Ref. #Images Ref. #Images Ref. #Images
[7] 829 [51 2599 [10] 40457 [2] 267

[76] 4000 [751 3000 [571 24881 [601 17509
[951 3600 [48] 14870 [3] 182 [46] 12354
[6] 900 [8] 251 [29] 2355 [11] 2950
[15] 17724 [4] 392 [9] 100 [93] 20639
[65] 13878 [81] 3824 [ 670 [371 5539
[791 2822 [20] 1081 [351 21397 [82] 360
[90] 520 [73] 4402 [74] 2400 [18] 3694
[58] 15402 [88] 129000 [31] 6514

training in the agricultural domain to further enhance the
representations learned by the models.
Self-supervised learning in precision agriculture. SSL
has transformed precision agriculture by reducing reliance
on labeled data for plant disease classification, crop phe-
notyping, pest detection, and species identification [14].
Contrastive learning-based SSL methods, such as Sim-
CLR [25], are effective in disease detection. However,
they require large batch sizes and extensive augmenta-
tions [21]. Hybrid approaches, including Attentive Self-
Supervised Contrastive Learning (ASCL), improve model
robustness and transferability by integrating multi-branch
contrastive learning and attention mechanisms [96].
Beyond plant disease classification, SSL has been ap-
plied to multi-label plant species identification using DI-
NOv2 [39] and crop phenotyping with 3D plant simula-
tions [52]. SSL also contributes to biodiversity monitoring,
as demonstrated by BIOCLIP [78], a vision model trained
on TREEOFLIFE-10M. However, FMs for high-resolution,
close-up agricultural images, specifically for dense predic-
tion tasks (object detection and segmentation), are still un-
derdeveloped.

3. Methodology

Agri-FM+ is developed through a two-stage continual
self-supervised learning process using SlotCon, where a
ResNet-50 backbone is first pretrained on ImageNet and
then continually adapted on the curated Agri-147K dataset.
An overview of the methodology is presented in Figure 1,
which also highlights the downstream evaluations across
eight datasets and the ablation studies conducted on key de-
sign choices.

3.1. Large-scale Agri-147K dataset curation for
pretraining

To enable effective self-supervised pretraining for agricul-
tural vision tasks, we introduce Agri-147K, a large-scale,
unlabeled dataset specifically curated for close-up agricul-
tural image representation learning. Agri-147K consists of
147,285 high-quality images which are systematically se-
lected from 35 publicly available datasets (see Table 1), en-
compassing crop fields, plant diseases, pests, and general
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agricultural conditions.

Our curation process was rigorous and multi-faceted, en-
suring dataset quality, domain relevance, and applicability
to real-world agricultural challenges. In the initial collec-
tion phase, we collected 381,362 unlabeled images from
diverse sources. However, indiscriminate aggregation of
datasets introduces issues such as inconsistent quality, do-
main mismatch, and redundancy, necessitating a meticulous
refinement pipeline. To ensure dataset integrity and rele-
vance, we applied a systematic filtering process. Images
below 224 x 224 pixels were discarded to maintain high
visual fidelity, and manual inspection was conducted to re-
move blurry or noisy images. Domain relevance was en-
forced by removing datasets containing aerial and satellite
imagery as well as lab-captured plant images, which lack
real-world complexity. Additionally, licensing verification
was rigorously conducted to confirm that all datasets ad-
hered to permissive licensing policies, thereby mitigating
ethical and legal concerns and ensuring unrestricted usabil-
ity for downstream research.

Following this systematic refinement process, Agri-
147K comprises 147,285 diverse, high-quality images op-
timized for pretraining agricultural FMs. By eliminating
irrelevant, low-quality, and redundant samples, Agri-147K
ensures that self-supervised pretraining is driven by high-
resolution, domain-relevant agricultural imagery, ultimately
enhancing representation learning for real-world agricul-
tural applications.

3.2. Foundation model development

We develop two foundation models: Agri-FM and Agri-
FM+. Agri-FM is pretrained exclusively on the Agri-
147K dataset, while Agri-FM+ undergoes continual pre-
training, first on ImageNet and then on Agri-147K. Both
of these models are pretrained in self-supervised manner,
using SlotCon [87] framework. The rationale for choosing
this framework was its superior performance compared to
most of the group-level or pixel-level approaches, such as
DenseCL [85], DetCon [44], and PixPro [92]. Moreover,
SlotCon is also designed for learning from scene-centric
data which is similar to the agriculture domain. We have
pretrained a ResNet-50 network for both of the cases.
SlotCon [87] is a group-level contrastive learning frame-
work that employs a student-teacher architecture to learn
structured representations by clustering pixel embeddings
into learnable slot prototypes. Given two augmented views
of the same image, student and teacher encoders project
features into a latent space, where pixel-to-semantic group-
ing assignments are computed via dot-product similarity
with slot prototype and softmax operation. To handle spa-
tial misalignment induced by augmentations, inverse trans-
forms are applied to align assignments across views. A
cross-entropy-based grouping loss enforces consistent as-
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Figure 1. Overview of the study: The Agri-147K dataset was curated for SSL pretraining, leading to the development of Agri-FM and Agri-
FM+ through pretraining and continual pretraining with SlotCon. Evaluation was conducted across eight datasets for detection, semantic,
and instance segmentation tasks. Ablation studies on the limited dataset, learning rates, epochs, and SlotCon vs DenseCL were performed,

along with comparisons with the baseline models.

signments, stabilized via a mean logit adjustment to avoid
prototype collapse (i.e: all pixels become assigned to the
same prototype).

To improve slot expressiveness, attentive pooling aggre-
gates pixel features into slot embeddings using learned at-
tention weights. Irrelevant slots are filtered, and a con-
trastive InfoNCE loss pulls semantically matching slots to-
gether while separating unrelated ones. A predictor head
further enhances slot alignment, with the final contrastive
loss applied symmetrically across views. This approach
enables SlotCon to learn semantically consistent and spa-
tially aligned representations, beneficial for dense predic-
tion tasks such as segmentation and detection.

Agricultural images differ significantly from natural im-
ages, yet pretraining on large-scale natural image datasets
like ImageNet can still provide valuable feature represen-
tations. However, to achieve optimal performance in the
agricultural domain, it is crucial to adapt these pretrained
weights using domain-specific data. To accomplish this, we
employed a continual pretraining strategy to develop Agri-
FM+. Our approach begins with pretraining a ResNet-50
backbone, along with all its auxiliary layers, on ImageNet
to establish strong foundational features. Following this,
we further pretrain the model on our curated agricultural
dataset, leveraging the prior knowledge from ImageNet,
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while reducing the domain gap. During this second pre-
training phase, we use a smaller learning rate to ensure that
the model retains the general features learned from Ima-
geNet while gradually adapting to the agricultural domain.
Both pretraining stages are conducted using the SlotCon
contrastive learning framework.

3.3. Implementation details

Pretraining setup. The Agri-FM model is pretrained fol-
lowing the SlotCon framework, employing a momentum-
based teacher-student contrastive learning strategy. The
model consists of two encoders, where the teacher encoder
is an exponential moving average of the student encoder. A
prototype-based contrastive loss is used to enforce seman-
tic consistency by grouping features into learnable clusters.
The student encoder is optimized with LARS [97], while
prototype updates are based on batch statistics.

Data augmentation follows BYOL [38], applying
224%224 random resized crops, horizontal flipping, color
distortion, grayscale conversion, Gaussian blur, and solar-
ization. Cropped image pairs lacking sufficient overlap are
discarded to maintain feature alignment.

The network consists of a ResNet-50 backbone for
both encoders, with projection and prediction heads im-
plemented as MLPs, containing a 4096-dimensional hidden



layer and a 256-dimensional output layer. Training is per-
formed on two NVIDIA A6000 GPUs (48 GB each), using
LARS optimization with a batch size of 512. The learning
rate follows a cosine decay schedule, initialized at 1.0 and
scaled with the batch size as LearningRate = 1.0 X %

A weight decay of 1075 is applied, with a 5-epoch
warm-up period for stabilization. The model undergoes 800
epochs of pretraining on the Agri-147K dataset, using the
same protocol as COCO pretraining in SlotCon. Momen-
tum updates follow a cosine schedule, where the teacher
momentum starts at 0.99 and progressively increases to 1.0.
Synchronized batch normalization and automatic mixed
precision training are enabled. Hyperparameters are set ac-
cording to SlotCon, with student and teacher temperatures
of 7, = 0.1 and 7 = 0.07, center momentum A, = 0.9,
and 256 prototypes. The contrastive loss temperature is set
to 7. = 0.2, and the balancing ratio A\, remains at 0.5.

This pretraining setup strictly follows the SlotCon
framework, ensuring consistency with self-supervised
learning approaches while optimizing feature representa-
tions for agricultural vision tasks.

Continual pretraining setup. The setup for Agri-FM+
follows a two-stage SSL approach. Initially, a ResNet-50
backbone is pretrained on the ImageNet dataset to estab-
lish general-purpose feature representations. We used the
unsupervised ImageNet weight, published by SlotCon [87]
after pretraining for 200 epochs with a learning rate of
1.0 scaled by batch size in this case. In the second stage,
the model undergoes further self-supervised pretraining on
the curated Agri-147K agricultural dataset with a reduced
learning rate of 0.001, ensuring that prior knowledge from
the first stage is retained while adapting to domain-specific
agricultural data. To maintain consistency with SlotCon’s
unsupervised ImageNet pretraining, the number of proto-
types is set to 2048. The continual pretraining is conducted
for 300 epochs, while all other hyperparameters and train-
ing settings remain identical to the initial pretraining setup.

3.4. Downstream tasks and evaluation protocol

To assess the effectiveness of our pretrained foundation
model, we evaluate it through three key vision tasks: ob-
ject detection, semantic segmentation, and instance seg-
mentation. Each task is assessed using diverse agricultural
datasets, ensuring a robust evaluation of domain adaptabil-
ity and performance.

3.4.1. Downstream datasets

Object detection. For this task, we utilize the following
five datasets, covering a wide range of agricultural scenar-
ios, from wheat head counting to disease and fruit detection.

¢ Global Wheat Head Dataset (GWHD): The GWHD
2021 [31] dataset contains 6,514 images, designed to

detect wheat heads in real-world field conditions. The
dataset is split into 4,560 training, 1,303 validation, and
651 test images. Fine-tuning is performed on the training
set, and evaluation is conducted on the test set.

* PlantDoc: PlantDoc [77] comprises 2,569 images, span-
ning 13 plant species and 30 categories (healthy and dis-
eased). The dataset contains 8,851 labeled instances, with
training and test splits of 2,328 and 239 images, respec-
tively. The images are annotated in COCO format and
resized to 416x416 pixels.

* MinneApple: The MinneApple [40] dataset consists of
1,001 images with 41,000 annotated apple instances. The
train, validation, and test sets contain 701, 200, and 100
images, respectively. The images are resized to 720x1280
pixels.

» Disease Detection Dataset: This dataset [71] consists of
5,493 plant leaf images across 13 disease categories. The
dataset is split into 2,904 training, 1,416 validation, and
1,163 test images. The image resolution is standardized
at 416x416 pixels.

* Crop Detection Dataset: The crop detection dataset [72]
contains 570 images of grass, maize, banana, sugarcane,
and coffee. The dataset is sourced from Roboflow and is
split into 392 training, 107 validation, and 71 test images,
with a resolution of 360x202 pixels.

Semantic segmentation. For semantic segmentation, we
employ two datasets: PlantSeg [86] and the Multiclass
Weeds Dataset [94]. Fine-tuning is conducted using MM-
Segmentation pipeline.

» PlantSeg: A large-scale dataset for plant disease segmen-
tation, containing 11,458 images across 115 disease cate-
gories and 34 plant hosts. It includes a standardized 20%
test set per disease category.

* Multiclass Weeds Dataset: This dataset includes two
weed species, Soliva Sessilis (Field Burrweed) and
Thlaspi Arvense L. (Field Pennycress), comprising 7,872
augmented images with pixel-wise annotations.

Instance segmentation. Instance segmentation is evalu-
ated using the GWHD Instance Segmentation dataset. Fine-
tuning is performed using Detectron?2 pipeline.

* GWHD Instance Segmentation: This dataset [12] in-
cludes 582 images with wheat head instance masks
sourced from Roboflow. It is split into 439 train-
ing, 102 validation, and 41 test images, all resized to
1024x1024 pixels.

3.4.2. Fine-tuning and evaluation protocol

To ensure a fair evaluation, we fine-tune our pretrained
models using standardized settings across all tasks. We
transfer the pretrained encoder. The fine-tuning and each
pretraining experiment are conducted only once.

Object detection and instance segmentation. For object
detection, we employ Faster R-CNN [70] with a ResNet-



50 FPN backbone, while Mask R-CNN [42] with ResNet-
50 [41] FPN is used for instance segmentation. Both models
are implemented in Detectron2 [89] and fine-tuned end-to-
end. The total training schedule consists of 20K iterations,
with learning rate decay steps at 12K and 16K iterations.
An exception is made for the MinneApple dataset, where
training is limited to 6K iterations with decay steps at 2K
and 4K iterations. All object detection and instance seg-
mentation experiments are conducted on a single NVIDIA
A100 (80GB) GPU.

Semantic segmentation. For this task, we use
DeepLabV3+ [24] with a ResNet-50 backbone, imple-
mented in MMSegmentation. Training follows a longer
fine-tuning schedule, with the PlantSeg dataset trained for
160K iterations and the Weed Segmentation dataset trained
for 80K iterations. Experiments are conducted on a single
NVIDIA A100 (40GB) GPU.

Evaluation metrics. Model performance is assessed using
the standard task-specific metrics. For object detection and
instance segmentation, we report mean Average Precision
(mAP) [62] on test sets. Moreover, for semantic segmenta-
tion, we use mean Intersection over Union (mloU) [67] as
the primary metric.

Reproducibility. The experiments on the same dataset are
conducted under identical hardware and software condi-
tions. Object detection and instance segmentation models
are fine-tuned using Detectron2 v0.6 [89], while seman-
tic segmentation experiments are performed using MMSeg-
mentation v1.0.0 [28].

4. Results

In this section, we present the performance evaluation of
Agri-FM and Agri-FM+ across multiple agricultural vision
tasks. Our experiments cover object detection, instance seg-
mentation, and semantic segmentation, comparing different
pretraining strategies.

4.1. Performance of Agri-FM and Agri-FM+

Table 2 compares the performance of Agri-FM and Agri-
FM+ on various object detection, semantic segmentation,
and instance segmentation tasks. Agri-FM+ outperforms
the supervised ImageNet weights in all tasks except the
MinneApple object detection and weed semantic segmen-
tation. Herein, Agri-FM achieves the best performance in
weed semantic segmentation.

4.2. Performance in limited data scenario

Foundation models are capable of performing well with
limited annotated data during fine-tuning. We tested Agri-
FM and Agri-FM+ with 5%, 10%, and 20% of annotated
data during fine-tining. Agri-FM+ outperformed super-
vised ImageNet, Agri-FM, and random initialized weights
in all scenarios except the MinneApple 5% data scenario
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(depicted in Table 3). The performance gap between ran-
dom initialization and Agri-FM+ is also significantly higher
compared to 100% available data (reported in Table 2).

4.3. Ablation with pretraining strategy and epochs
in Agri-FM

We have ablated with a group level (SlotCon) and pixel
level (DenseCL) contrastive learning approach in six differ-
ent downstream tasks. In both cases, the number of epochs
was fixed at 800 and followed the original implementation.
We found out that in most cases, SlotCon outperformed
DenseCL. After selecting SlotCon as our pretraining ap-
proach, we have ablated with the number of epochs to pre-
train Agri-FM on Agri-147K dataset. We have tried out
with 800 and 1600 epochs, where we did not find any signif-
icant improvement even after pretraining with 2x epochs.
Table 4 depicts the aforementioned performances.

4.4. Ablation with learning rate and epochs in Agri-
FM+

The ablation study on the learning rate and continual pre-
training epochs for Agri-FM+ (Table 5) shows that a learn-
ing rate of 0.001 and 300 continual pretraining epochs pro-
vide the best overall performance. In continual pretraining
scenario, the learning rate is a crucial factor. Too high of
a learning rate can lead to forgetting of previously acquired
knowledge with a larger dataset. We have ablated with dif-
ferent learning rates where the number of epochs we train
Agri-FM+ with Agri-147K dataset was kept fixed at 300
(shown in Table 5). We have found an equal share in perfor-
mance where the learning rate of 0.01 was the best in three
tasks, whereas in other three out of four tasks, the learning
rate of 0.001 performed the best. Since the performance
shows no trend, we moved further with the learning rate of
0.001. On the other hand, after finding 0.001 as our go-to
learning rate, we have ablated it with the number of epochs
where we did not find any continuous increment or decre-
ment. We found that continual pretraining with 300 epochs
on Agri-147K dataset yielded a better overall performance.

5. Discussion

In this study, we presented Agri-FM+, a self-supervised
foundation model for agricultural vision, trained via con-
tinual pretraining on ImageNet and a curated agricultural
dataset (Agri-147K). Agri-FM+ demonstrated strong gen-
eralization across object detection, semantic segmentation,
and instance segmentation tasks, surpassing both super-
vised ImageNet and single-stage self-supervised learning
baselines in its best configuration.

As shown in Table 6 and the radar chart in Figure 2,
Agri-FM+ achieved the highest performance across a di-
verse set of tasks and datasets. It ranked first in six out of



Table 2. Performance of Agri-FM and Agri-FM+ in several object detection, semantic segmentation and instance segmentation tasks.

Object Det. (mAP)

Instance Seg. (mAP) Semantic Seg. (mIoU)

Pretrained
ResNet-50 Weight GWHD PlantDoc MinneApple Crop Det. Disease Det. GWHD PlantSeg Weed Seg.
Random Init. 44.27 20.99 35.61 32.96 34.57 66.26 16.15 95.13
Supervised ImageNet  47.97 38.15 40.53 31.81 47.71 72.09 28.31 95.17
Agri-FM 48.18 38.53 38.21 30.01 47.90 72.41 28.07 95.87
Agri-FM+ 48.48 41.61 4041 33.41 49.83 73.48 29.76 94.95

Table 3. Performance of Agri-FM and Agri-FM+ in GWHD, PlantDoc, MinneApple, and Disease Detection Object Detection tasks with
limited annotated data during fine-tuning. The results reported here are AP. We have randomly selected 5%, 10% and 20% annotated data

during the fine-tuning process.

Pretrained GWHD (mAP) PlantDoc (mAP) MinneApple (mAP) Disease Detection (m A P)
ResNet-50 Weight 5% 10% 20% ‘ 5% 10% 20% ‘ 5% 10% 20% ‘ 5% 10% 20%
Random Init. 3457 3832 4191 | 372  6.19 10.84 | 19.82 25.81 27.11 | 1594 19.13 26.16
Supervised ImageNet  38.33  39.71 4199 | 9.17 17.97 2292 | 23.25 28.55 3252|2246 2729 36.31
Agri-FM 37.92 3941 4129 | 9.16 1504 19.79 | 21.44 2896 32.61 | 20.62 2571 3498
Agri-FM+ 39.24 40.41 42.44 | 10.73 18.09 24.22 | 22.08 30.01 33.21 | 23.18 29.09 37.06

Table 4. Ablation study with different pretraining approaches and
epochs for Agri-FM.

Pretraining Approach \ Pretraining Epochs

Task Dataset
SlotCon  DenseCL \ 800 Ep. 1600 Ep.

GWHD 48.18 4803 | 48.18 4808
. PlantDoc 38.53 3568 | 3853 3843
Obj Det (mAP) -\ eApple 3821 3957 3821 3823
Disease Det.  47.90 4688 | 4790 4875
Weed Seg.  95.87 9490 | 9587  95.89
Sem Seg (mIol)  py, iGeq 28.07 2540 | 2807 2803

Table 5. Ablation on the learning rate and continual pretraining
epochs for Agri-FM+.

Learning Rate \ Cont. Epochs

Task Dataset
0.01 0001 0.0001| 200 300 400
GWHD 48.68 4848 4829 |48.63 4848 4854
PlantDoc 4272 41.61 41.06 | 42.00 41.61 41.60
Obj Det (mAP)  MinneApple 40.50 4041 39.76 | 40.33 40.41 40.68
CropDet.  32.63 3341 3056 |31.83 3341 31.06
Disease Det. 49.30 49.83 4956 | 50.60 49.83 50.43
Sem Seg (mlou) FlantSex 2901 2976 3093 | 2091 2076 2888
emSeg MIOY) \Weed Seg.  95.03 94.95 9520 | 9522 94.95 9528

eight benchmarks, confirming its strength as a unified agri-
cultural foundation model. In the fully annotated settings,
it achieved an average gain of +1.27% over supervised Ima-
geNet weights and +8.25% over random initialization. The
most notable improvements were observed in object de-
tection datasets such as PlantDoc (+3.46% vs ImageNet,
+20.62% vs random) and Disease Detection (+2.12% vs Im-
ageNet, +15.26% vs random). Performance gains also ex-
tend to instance segmentation tasks (+1.39% vs ImageNet
on GWHD) and semantic segmentation (+1.45% vs Ima-
geNet on PlantSeg), highlighting the ability of Agri-FM+

— Agri-FM

Agri-FM+
—— Supervised ImageNet
—— Random Init.

MinneApple (mAP)

Disease Detectiy PlantDoc (mAP)

Crops Detectipn(mAP) 2

GWHD (mAP)

Weed Segmentatien (mIOU) WheatHeagnstance Seg (mAP)

PlantSeg (mIOU)

Figure 2. Model performance ranking across multiple datasets.
The radar chart compares the models of Agri-FM, Agri-FM+, Su-
pervised ImageNet, and Random Init., based on their rankings in
object detection and segmentation tasks. Lower rankings (closer
to the center) indicate inferior, while higher rankings (closer to the
outer edge) indicate superior performance. Agri-FM+ consistently
achieves the best rankings in most datasets.

to generalize across dense and sparse prediction tasks alike.

Agri-FM+ also maintained a strong performance in low-
label regimes. As shown in Table 7, with only 10% of the
annotated data, the model improved by +1.02% over mod-
els where the training started from supervised ImageNet ini-
tialization and by +4.54% over randomly initialized models.
These results underline the data efficiency of Agri-FM+—a
key advantage in agriculture, where acquiring large-scale
expert-labeled datasets is often impractical. Notably, even
Agri-FM, a variant trained only on the Agri-147K dataset
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Table 6. Performance gains (%) of Agri-FM+ over ImageNet and
Random Init under full annotation.

Dataset Task A over ImgNet A over RandInit
GWHD Obj Det +0.51 +4.21
PlantDoc Obj Det +3.46 +20.62
MinneApple  Obj Det —0.12 +4.80

Crop Det. Obj Det +1.60 +0.45
Disease Det. ~ Obj Det +2.12 +15.26
GWHD Inst Seg +1.39 +7.22
PlantSeg Sem Seg +1.45 +13.61
Weed Seg. Sem Seg —-0.22 —0.18
Average — +1.27 +8.25

Table 7. Agri-FM+ gains (%) over ImageNet and RandInit with
10% annotated data.

Dataset Task A ImgNet A RandInit
GWHD Obj Det +0.70 +2.09
PlantDoc Obj Det +0.12 +1.90
MinneApple  Obj Det +1.46 +4.20
Disease Det.  Obj Det +1.80 +9.96
Average — +1.02 +4.54

without ImageNet pretraining, performs competitively with
or better than supervised ImageNet models. This finding
supports the idea that domain-specific self-supervised learn-
ing on high-quality unlabeled data can produce highly trans-
ferable representations for downstream agricultural tasks.

To further assess representational quality, we have con-
ducted PCA [13] visualization (shown in Figure 3) on em-
beddings from five downstream datasets. Compared to
ImageNet-pretrained models, Agri-FM+ embeddings form
more compact, well-separated clusters, suggesting better
inter-dataset discrimination. This aligns with the SlotCon
framework’s objective of learning semantically consistent
prototypes, which is particularly advantageous for struc-
tured agricultural imagery, involving crops, diseases, or
row-level patterns.

The curation quality of the Agri-147K dataset also plays
a vital role. By refining an initial pool of 381K images and
removing non-agricultural or noisy samples, we ensured
high domain relevance, which significantly improved pre-
training outcomes. These findings reinforce the idea that, in
self-supervised learning, the quality and specificity of the
dataset can be more impactful than the dataset size alone.

It is important to acknowledge that our study has several
limitations. Currently, Agri-FM+ is limited to close-field
RGB imagery and a ResNet-50 backbone. Future work will
explore larger architectures (e.g., transformers), multimodal
input (e.g., hyperspectral, UAV, or temporal imagery), and
zero-shot generalization using vision-language alignment.
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Figure 3. PCA visualization of learned features from five datasets.
(a) Supervised ImageNet (b) Agri-FM+. As depicted, Agri-FM+
shows improved feature compactness and inter-dataset separation
compared to supervised ImageNet-pretrained ResNet-50, suggest-
ing enhanced domain adaptation and generalization.

6. Conclusion

In this paper, we have proposed the first self-supervised
foundation model, designed specifically for close-field agri-
cultural vision. The proposed model, titled Agri-FM+, is
built upon a continual pretraining strategy that first learns
from unsupervised pretraining on ImageNet and then adapts
to a curated agricultural dataset (Agri-147K). Agri-FM+
demonstrates strong generalization across object detection,
semantic segmentation, and instance segmentation tasks. It
consistently outperforms supervised ImageNet pretraining
and random initialization, with notable gains in both fully
annotated and limited annotation settings. The results con-
firm that domain-specific self-supervised learning, coupled
with high-quality dataset curation, enables efficient and ro-
bust representation learning for agriculture. This work lays
the foundation for building scalable and label-efficient vi-
sion systems, tailored to real-world agricultural challenges.
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